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The sustainability of hydropower reservoirs in catchments undergoing rapid development in 
the Mekong River Basin depends on the projected level of sedimentation. Excess sedimentation 
of reservoirs can be mitigated by using appropriate sediment management, but uncertainties in 
sediment predictions need to be addressed to better inform the selection of sediment 
management options. It is necessary to understand the magnitude of uncertainty in future 
sediment in response to land use/ land cover (LULC) change, climate change and sediment 
model parameterization. It is also necessary to evaluate the implication of catchment and 
reservoir-level sediment management options and costs under uncertainty in sediment 
projections.  
Hence, this study aims to evaluate the uncertainty in sediment projections due to LULC, climate 
and model parameterization, and the implication of sediment management options and costs 
for catchments with hydropower dams. The following specific questions were investigated:  
a. How do future climate scenarios and model parameterization affect the uncertainty in flow 
and sediment projections? 
b. How do LULC change scenarios affect the uncertainty in flow and sediment projections? 
c. How do combined future climate scenarios, model parameterization and LULC change 
scenarios affect the uncertainty in flow and sediment projections? What is the major source 
of uncertainty in flow and sediment projections? 
d. What is the implication of sediment management options and associated cost under the 
greatest source of uncertainty in sediment projections?  
The Sekong, Sesan and Srepok (3S) sub-basin of the greater Mekong River Basin was used as 
a case study.  
The Soil and Water Assessment Tool (SWAT) was used to simulate flow and sediment. 
Uncertainty in future climate scenarios was addressed using three Global Climate Models 
(GCMs) and three Representative Concentration Pathways (RCPs). Model parameter 
uncertainty was analyzed by calibrating SWAT model using three different optimal objective 
functions. For evaluation of LULC change uncertainty, twelve LULC change scenarios were 
generated applying Land Change Modeler (LCM), and combining three LULC demands, two 
transition potential models and retaining or not protected areas. The catchment-level sediment 
management options of terracing, vegetative filter strips and no tillage were evaluated using 




Sediment Simulation Screening Python Model (PySedSim). Costs of sediment management 
options were assessed via the economic value of loss in hydropower production and the avoided 
cost of dredging.  
The evaluation of uncertainty in flow and sediment projections associated with future climate 
scenarios and model parameterization suggests that the dominating source of uncertainty in 
flow and sediment can vary spatially and temporally for large basins. In short-term period 
projections (2030s), model parameterization dominates the uncertainty in flow and sediment, 
while in long-term projections (2060s) selection of climate scenarios dominate.  Model 
parametrization uncertainty needs to be incorporate in climate change impact studies and 
efforts should be made to reduce the uncertainty due to model parametrization through a careful 
calibration and validation.   
The assessment of uncertainty in flow and sediment in response to LULC change alone suggest 
uncertainty is primarily driven by LULC demand, resulting in large variability of flow and 
sediment projections.   
The evaluation of uncertainty in flow and sediment in response to future climate scenarios, 
model parametrization and LULC change suggest that for a basin undergoing rapid LULC 
change uncertainty in future flow and sediment is dominated by the choice of LULC change 
scenarios. Hence, LULC change uncertainty should not be neglected in evaluation of climate 
change impact on basin hydrology.  
Uncertainty in future sediment loads in response to LULC change can result in high variability 
in loss of reservoir capacity and cost of sediment management. Terracing performed best 
among the catchment-level management options in reducing the magnitude and variability in 
loss of reservoir capacity, but it is the most expensive option to implement. Flushing, although 
effective in increasing the life span of reservoir, was found less cost effective compared to 
catchment-level management options. The research outcome suggests that the best catchment-
management option for reservoir sustainability may not be the best in terms of cost. Further, 
catchment-level management options do not address the issue to sediment starvation 
downstream, hence integrated sediment management approaches (i.e, combining both 
catchment-level and reservoir-level) may be required to reduce the adverse effect on reservoir 
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Chapter 1 Introduction 
Background and Statement of Problem 
Dams and reservoirs store and divert water for human needs. Irrigation, drinking and industrial 
water supply, hydropower, flood control, commercial fishing, inland navigation and recreation 
are crucial services provided by dams and reservoirs. The majority of dams around the world 
are built for irrigation purposes (24 – 50%), followed by hydropower (16 – 20%), water supply 
(11 – 17%) and flood control (9 – 19%) (ICOLD, 2018). Recent data suggest that dams 
generates 16% of global electricity (IEA, 2018) and irrigate 40% of global irrigable land (FAO, 
2016).  On the other hand, dams are often linked to negative ecological (Winemiller et al., 
2016) and social implications (Huang et al., 2018). Trade-offs between pros and cons of dam 
are often controversial and complex (Intralawan et al., 2018), but  it can be argued that  in order 
to meet the future water, food and energy demands of growing populations dam are necessary 
(Shi et al., 2019) and thus sustainability of reservoir storage is crucial (Palmieri et al., 2001).  
Dams and reservoir, in general, trap sediment due to the reduced riverine carrying capacity. 
Intercepted sediment loads can threaten the sustainability of reservoir storage, affect the 
operation and reduce the useful life of dams and reservoirs (Kondolf et al., 2014a). McCartney 
et al. (2000) estimated that approximately 1% of global reservoir storage is lost annually as a 
result of sediment trapping. Trapping of sediment by reservoirs not only changes the natural 
sediment fluxes, but also influence the overall river morphology and ecosystem (Kummu et al., 
2010). Hence, trapping of sediment by reservoir is an important global issue (Kondolf et al., 
2014a).  
Catchment erosion is generally the main source of sediment of receiving surface water bodies. 
Anthropogenic activities, such as landscape alteration, can accelerate erosion and sediment flux 
to lakes and rivers, which can exacerbate sedimentation, water quality degradation, and 
subsequent impacts (Yang et al., 2019; Walter and Merritts, 2008; Moehansyah et al., 2002). 
For instance, accelerate rates of erosion in a catchment can significantly reduce hydropower 
generation due to excess sedimentation (Arias et al., 2011).  Changes in temperature and 
rainfall associated with a changing climate could also affect soil erosion rates (Pruski and 
Nearing, 2002; Michael et al., 2005; O'Neal et al., 2005; Li and Fang, 2016) and sediment 
fluxes (Xu, 2003; Syvitski et al., 2005; Zhu et al., 2008; Samaras and Koutitas, 2014; Dahl et 




management in planned reservoirs (Shrestha et al., 2013). Hence, reservoir sedimentation in 
response to climate change and land use/ land cover (LULC) change can be significant. 
Loss of reservoir capacity can be mitigated by implementing three sediment management 
strategies: sediment yield reduction, sediment routing, and sediment removal (Sumi and 
Kantoush, 2011). Catchment erosion control and upstream sediment trapping (check dams and 
sediment traps) are the main strategies implemented to reduce catchment sediment yields 
(Morris and Fan, 1998). Catchment erosion control can be achieved by using different land 
conservation approaches such as maintaining forest and vegetation cover,  tillage management, 
sediment traps and best management practices (Tiˇgrek and Aras, 2012). It is important to note 
that sediment yield reduction addresses the reservoir capacity issue only. It does not address 
the issue of sediment starvation downstream, while the remaining methods maintain reservoir 
capacity as well as release sediment to downstream reaches (Kondolf et al., 2014a) which is 
essential for healthy riverine morphology and ecology. Sediment routing strategies minimizes 
the amount of sediment deposition in reservoirs. This is done by manipulating reservoir 
hydraulics, geometry, or both, to pass sediment through or around the reservoir (Morris and 
Fan, 1998). Sediment routing is the most river environment friendly option as compared to 
other sediment management strategies because it partially preserves the natural sediment 
dynamism of the river (Kondolf et al., 2014a). Sluicing and turbid density currents venting are 
two main sediment pass through methods and flood by pass channels and off-channel reservoirs 
are the two main techniques practiced to route sediment around the reservoir. Hydraulic 
flushing, hydraulic dredging and dry excavation are strategies to remove deposited sediment 
from reservoirs.  The technical and economic feasibility of each option is a function of location, 
amount of deposited sediment  (Morris and Fan, 1998), and physical, hydrological and financial 
parameters (Palmieri et al., 2001). Better result may be achieved through combination of 
sediment management options (Palmieri et al., 2001). However, management of sediment in a 
catchment with series of hydropower dams can be challenging and complex.   
Addressing uncertainty in future sediment in response to climate change and LULC change can 
better inform selection of sediment management plans for catchments with hydropower dams. 
Lack of understanding of sediment predictions uncertainty can mislead policy makers and 
resources manager in selecting effective sediment management strategies and can have cost 
implications.  Understanding of uncertainty in hydrologic predictions is also essential for 
proper resource management (Brown et al., 2012; Milly et al., 2008). Uncertainty in future 




associated with models used to simulate sediment changes and uncertainty in LULC changes. 
Selection of Global Climate Models (GCMs), emission scenarios and downscaling methods 
are the major uncertainty sources linked to future climate predictions (Maurer, 2007; Minville 
et al., 2008; Surfleet and Tullos, 2013; Gao et al., 2019). Uncertainty in model, in general, 
comes from input errors, model calibration, model structure and model parameters (Refsgaard 
and Storm, 1996). Land use/ land cover (LULC) change uncertainty is largely portrayed by 
high uncertainty in quantity and location of change (Dalla-Nora et al., 2014 ). Cascading of 
uncertainty sources is commonly carried out to portray the relative implication of various 
uncertainty sources on hydrological response of catchments to future climate (Vetter et al., 
2015; Bosshard et al., 2013; Wilby and Dessai, 2010). There are numerous studies carried out 
to evaluate the uncertainty of flow predictions. In most studies, GCMs are found to dominate 
the sources of uncertainty (Prudhomme and Davies, 2009; Chen et al., 2011b; Di Baldassarre 
et al., 2011; Elshamy et al., 2013; Thompson et al., 2013; Addor et al., 2014; Joseph et al., 
2018; Gao et al., 2019). Other studies have highlighted that the emissions scenarios (Maurer, 
2007),  downscaling method (Chen et al., 2011a; Teutschbein et al., 2011), hydrologic model 
structures (Troin et al., 2018; Mockler et al., 2016; Poulin et al., 2011) and parameter 
uncertainty (Mendoza et al., 2015) are dominant sources of uncertainty.  
Mathematical modelling is often used to simulate future sediment in response to LULC and 
climate changes; nevertheless traditionally, inclusion of the uncertainty in modelling when 
interpreting results has been given less importance. However, in recent years, efforts have been 
made by the scientific community to better understand the influence of model uncertainty in 
climate impact studies (Mendoza et al., 2015). Several studies have suggested that parameter 
uncertainty dominates other sources of uncertainty linked to model (Chen et al., 2013; Mendoza 
et al., 2015). Quantifying uncertainty linked to model is important to highlight the robustness 
of model results and identify which input(s) and parameter(s) is dominant uncertainty source 
(Smith and Heath, 2001). Land use/land cover change uncertainty, which can have significant 
influence on the characterization of uncertainty in hydrological prediction due to climate 
change (Feddema et al., 2005; Karlsson et al., 2016; Rodriguez-Lloveras et al., 2016) is often 
overlooked and not included in climate change impact studies (Bennett et al., 2012; Surfleet 
and Tullos, 2013). Overall, while there has been consistent progress in the literature on 
hydrological uncertainty with regards to climate, the interplay of this major driver with land 
surface processes is still understudied. The understanding of uncertainty in future sediment due 




sediment flux response to future climate can vary from place to place because of high 
sensitivity of erosion and sediment movement process to variability in catchment physical 
characteristics and human intervention (Zhang and Nearing, 2005; Berc et al., 2003).  There is 
also a need to understand the entangled and disentangled implication of major uncertainty 
sources for flow and sediment prediction for better characterization of the dominant uncertainty 
source.  
In general, hydropower reservoirs with rapidly developing watersheds, such as the Mekong 
River Basin, are under threat of excess sedimentation, leading to potential detrimental energy 
production losses over time. Extensive dam development (over 200 dams) are planned in the 
Mekong River (Xue et al., 2011). A more rapid dam development is happening in tributaries 
of the Mekong River. The Sesan, Srepok and Sekong (3S) sub-basins is one such tributary 
where multiple hydropower dams are planned (Piman et al., 2013).  Dam development in the 
Mekong region are particularly driven by changes in human demographics, energy and food 
security, development needs, economic cooperation, and climate change (Grumbine et al., 
2012).   Uncertainty in sediment prediction, however, can make the selection of sediment 
management options difficult. Sediment management options need to be evaluated from a 
feasibility and cost perspective considering uncertainties in sediment prediction. Several 
studies have analysed the cost of sediment management options (for example, Smith et al., 
2013; Palmieri et al., 2001), but evaluation of the implication of sediment management options 
and cost under uncertainty in sediment projections are limited. 
Research is thus needed to understand the magnitude of uncertainties related to LULC change, 
climate change and sediment modelling, and it will be of particular importance to regions such 
as the Mekong where there is ongoing rapid development.  
Objectives  
The main aim of this research is to evaluate the uncertainty in sediment predictions and the 
implication of sediment management options and cost under uncertainty in sediment 
projections for catchments with hydropower dams. In order to address the main research 
objective, the following questions formed the focus of the research:  
a. How do future climate scenarios and model parameterization affect the uncertainty in 
flow and sediment projections? 




c. How do combined future climate scenarios, model parameterization and LULC change 
scenarios affect the uncertainty in flow and sediment projections? What is the major 
source of uncertainty in flow and sediment projections? 
d. What is the implication of sediment management options and associated cost under the 
greatest source of uncertainty in sediment projections?  
To address these research objectives, the Sekong, Sesan and Srepok (3S) sub-basins of the 
greater Mekong River Basin was used as a case study for the following reasons: (a) the 3S 
basins are trans boundary with hydrological significance (Adamson et al., 2009) (i.e major 
contribution to the Mekong flows and sediment) and ecological significance to downstream 
water bodies and the Mekong Delta (Piman et al., 2013), (b) the 3S basins are experiencing a 
dynamic LULC transition (Takamatsu et al., 2014), (c) rapid hydropower dam developed is 
happening in the 3S basins (17 dams operating, 6 dams ongoing and future development of 19 
dams; (WLE–Mekong, 2017)), (d) change in sediment due to future LULC and climates can 
have significant implications for reservoir sedimentation and power production in the 3S 
basins, and (e) there are significant amount of data (for example spatial, hydro-meteorological) 
available for these river systems and hydrological (SWAT), reservoir sedimentation (SedSim) 
and hydropower (HECResSim)  models have already been developed for these basins.   
Thesis Outline  
This is a paper-based thesis and comprises six chapters. Chapter 1 presents background of the 
study, statement of problem and objectives of the study. Chapter 2 presents the finding on 
investigation of the uncertainty in flow and sediment projections associated with future climate 
scenarios and model parameterization (Published as Shrestha et al. (2016)). Chapter 3 describes 
the implication of uncertainty in LULC change on future streamflow and sediment (Published 
as Shrestha et al. (2018a)). Chapter 4 evaluates the effect of combined future climate scenarios, 
model parameterization and LULC change scenarios uncertainty in flow and sediment 
projections and identifies the major source of uncertainty in flow and sediment projections 
(Unpublished paper). Chapter 5 describes the implication of sediment management options and 
associated cost under the greatest source of uncertainty in sediment projections (Submitted 
paper). Chapter 6 presents conclusion, recommendation and future area of research. A separate 
chapter for literature review is not provided because relevant literature review is included 




Chapter 2  
Uncertainty in flow and sediment projections due to future climate scenarios for the 3S 
Rivers in the Mekong Basin 
Published as:  Shrestha, B, Cochrane, TA, Caruso, BS, Arias, ME, Piman, T, 2016. 
Uncertainty in flow and sediment projections due to future climate scenarios for the 3S Rivers 
in the Mekong Basin. Journal of Hydrology, 540: 1088-1104. 
DOI:10.1016/j.jhydrol.2016.07.019 
Abstract 
Reliable projections of discharge and sediment are essential for future water and sediment 
management plans under climate change, but these are subject to numerous uncertainties. This 
study assessed the uncertainty in flow and sediment projections using the Soil and Water 
Assessment Tool (SWAT) associated with three Global Climate Models (GCMs), three 
Representative Concentration Pathways (RCPs) and three model parameter (MP) sets for the 
3S Rivers in the Mekong River Basin. The uncertainty was analyzed for the short term future 
(2021-2040 or 2030s) and long term future (2051-2070 or 2060s) time horizons. Results show 
that dominant sources of uncertainty in flow and sediment constituents vary spatially across 
the 3S basin.  For peak flow, peak sediment, and wet seasonal flows projection, the greatest 
uncertainty sources also vary with time horizon.  For 95% low flows and for seasonal and 
annual flow projections, GCM and MP were the major sources of uncertainty, whereas RCPs 
had less of an effect. The uncertainty due to RCPs is large for annual sediment load projections. 
While model parameterization is the major source of uncertainty in the short term (2030s), 
GCMs and RCPs are the major contributors to uncertainty in flow and sediment projections in 
the longer term (2060s).  Overall, the uncertainty in sediment load projections is larger than 
the uncertainty in flow projections. In general, the study results suggest the need to investigate 
the major contributing sources of uncertainty in large basins temporally and at different scales, 
as this can have major consequences for water and sediment management decisions. Further, 
since model parameterization uncertainty can play a significant role for flow and sediment 
projections, there is a need to incorporate hydrological model parameter uncertainty in climate 
change studies and efforts to reduce the parameter uncertainty as much as possible should be 





Reliable projections of discharge and sediment are essential for successful and efficient water 
and sediment management plans. Implementation of such plans considering the changing 
climate requires an understanding of uncertainty in model projections. Estimating the 
uncertainty and presenting the range of hydrologic projections is thus critical to managing 
resources under a non-stationary hydrologic regime (Cameron et al., 2000; Maurer, 2007; Milly 
et al., 2008 as cited by Surfleet and Tullos, 2013). There are various sources of uncertainty 
related to climate change predictions: (a) the use of Global Climate Models (GCMs) which 
includes several levels of uncertainty, from lack of knowledge regarding future emissions of 
greenhouse gases and differing responses of GCMs to greenhouse gases, to uncertainty added 
by the downscaling used to translate large-scale GCMs to local scales or finer resolution 
(Maurer, 2007); (b) uncertainty in land use/ land cover (LULC) change, which is often 
overlooked and could play a major role in the overall uncertainty of climate change impacts on 
hydrology (Bennett et al., 2012); and (c) uncertainty due to hydrological and sediment 
modeling (Surfleet and Tullos, 2013). Several studies have characterized the uncertainties in 
flow projection under climate change. For instance, Kay et al. (2009) and Chen et al. (2011b) 
investigated the uncertainties originating from greenhouse gas emission scenarios (GHGES), 
GCMs, GCM initial conditions, downscaling techniques, hydrological model structures and 
hydrological model parameters, suggesting that GCM structure is the largest source of 
uncertainty. For the Mekong River specifically, Thompson et al. (2013) assessed the 
uncertainty in river flow projections using seven GCMs and three hydrological models, finding 
that the choice of GCM is the major uncertainty contributor. In California, Maurer (2007) 
analyzed uncertainty in hydrologic impacts of climate change and concluded that future 
emissions scenarios play a significant role in the degree of impacts to water resources. Najafi 
et al. (2011) assessed the uncertainties associated with statistically downscaled outputs from 
eight GCMs, two emission scenarios, and four hydrologic models. Their results show that the 
hydrologic model uncertainty is considerably smaller than GCM uncertainty, except during the 
dry season, suggesting that the selection of hydrologic model is critical when assessing the 
hydrologic climate change impact. Others have investigated the uncertainty in downscaling 
techniques. For instance, Khan et al. (2006) compared three downscaling methods (SDSM, 
LarsWG and ANN) and showed the significant uncertainties in the downscaled daily 
precipitation, and daily maximum and minimum temperatures.  Although different conclusions 




uncertainty, GCMs and emission scenarios are generally considered to be the two major 
dominant sources of uncertainty in quantifying the climate change impacts on flows (Chen et 
al., 2011b).  
The assessment of hydrological model uncertainty is of major importance in hydrologic and 
sediment modeling (Jiang et al., 2007). It is also essential to advance the understanding of 
catchment processes (Clark et al., 2011). Traditionally, uncertainties associated with 
hydrologic models have been considered less important than other sources of uncertainties in 
climate change impact studies. However, in recent years, the hydrologic community has 
redirected efforts to better understand the effects of hydrologic modeling approaches to the 
assessment of climate change impacts (Mendoza et al., 2015). Generally, there are three 
principal sources of model uncertainty: errors with input and calibration, imperfection in model 
structures, and uncertainty in model parameters (Refsgaard and Storm, 1996). Model 
parameters that require calibration have an embedded degree of uncertainty (Kay et al., 2009). 
Parameter uncertainty has been demonstrated to be more important than model structure 
uncertainty or other model-based uncertainties (Chen et al., 2013; Mendoza et al., 2015). The 
uncertainty associated with model parameters should be taken into account for climate change 
impact analysis as they might have significant impacts on river flows in different hydrological 
years (Zhang et al., 2013). One way to study model parameter uncertainty is by calibrating a 
model using different optimal objective functions (e.g Gädeke et al., 2014; Najafi et al., 2011). 
Using a different measure of fit (objective function), will likely result in different calibrated 
parameter values, which is particularly true where there is any sort of interdependence between 
parameters (Kay et al., 2009). Models perform differently according to each distinct objective 
function, hence each model calibrated by different objective functions is treated separately 
(Najafi et al., 2011).   
Previous contributions have clearly shown that quantifying the uncertainty at every step in the 
modelling process (cascading uncertainty) can address the challenge in quantitative assessment 
of climate change impacts on catchment hydrology considering the full range of uncertainties 
involved. However, most studies have generally focused on flow. There is still limited 
knowledge about the uncertainty in sediment projection due to future climate scenarios.  The 
actual response of sediment flux to future climate scenarios in a particular place can vary 
extensively because it is highly affected by the physical characteristics of the catchment and 
human activities in it (Zhang and Nearing, 2005; Berc et al., 2003). Further, assessing the 




Mekong in Southeast Asia where there is ongoing rapid development. A number of large, flow-
regulating dams have been built in recent decades, and over 135 dams are planned in the 
Mekong River (Cochrane et al., 2014). Development of dams along the main stem of the 
Mekong River is ongoing, but tributary dam development is proceeding at a faster pace.  Of 
main concern are the Sesan, Srepok, and Sekong (3S) subbasins, where an extensive network 
of hydropower projects, consisting of individual dams and cascade dams, are planned (Piman 
et al., 2013). Annual discharge from the 3S basin represents approximately 17-20% of the total 
annual flows of the Mekong main stream (91,000 x 106 m3 or an average of 2,886 m3/s), making 
it the largest tributary contribution to the Mekong River Basin and therefore of great 
hydrological importance (Adamson et al., 2009). The 3S basin is also a major contributing 
source of sediment in the Lower Mekong Basin (LMB). Annual sediment load from the 3S is 
estimated at 10 – 25 Mt (Kondolf et al., 2014b), but proposed dams are expected to trap 40 – 
80% (Kummu et al., 2010; Wild and Loucks, 2014). In addition, the 3S basin is critical for 
maintaining flooding regime, aquatic biodiversity and ecosystem services (fish habitats and 
migration routes) to the downstream Mekong floodplains (Arias et al., 2014b; Ziv et al., 2012). 
Given the hydrological and ecological significance of the 3S basin, all dams (constructed, 
ongoing and future) need to be located, operated and managed in a way that minimizes 
disruptions to the natural flow regime and sediment fluxes. Changes to water flow and sediment 
may also alter future power production and reservoir sediment trapping efficiency. Thus, it is 
imperative that planners and decision-makers have access to information on uncertainty in 
flows and sediment loads so these can be accounted for in the design of new dams and the 
operation of current and future reservoirs.   
This study aims to investigate the uncertainty in flow and sediment projections associated with 
future climate scenarios and model parameterization for the 3S basin. Specifically, three 
sources of uncertainty were evaluated: uncertainty derived from use of (1) three different 
GCMs, (2) three emission scenarios and (3) three sets of fitted/calibrated model parameters 
based on three different objective functions. Uncertainty in LULC change is not included in 
this study as it is the scope for further work.  Flow and sediment projections for two future time 
horizons: short term future (2021-2040 or 2030s) and long term future (2051-2070 or 2060s) 
are compared to the baseline period (1986-2005) using mean annual, seasonal (dry and wet), 






The 3S basin, a conglomerate of the three transboundary basins of the Sekong, Sesan and 
Srepok Rivers, is located in the Lower Mekong region in Southeast Asia (Figure 2-1). The 3S 
basin covers a total area of 78,645 km2 of which 33% is in Cambodia, 29% is in Lao People’s 
Democratic Republic, and 38% is in Vietnam. The elevation of the basin ranges from 49 to 
2360 m above the mean sea level. The monsoon-driven climate is characterized by a wet season 
(May to October) and a dry season (November to April). The average annual temperature 
ranges from 23 to 27 C.  The basin receives about 2600 mm of average annual rainfall, 88% 
of which comes during the wet season. Acrisols (68%) and Ferralsols (12%) with sandy clay 
loam and clay texture are the dominant soils in the basin. Based on the 2003 LULC map the 
basin was dominated by forest (77%), while agriculture covered nearly 11% of the total area. 
Table 2-1 provides details on basin characteristics, meteorology, and major soil and LULC type 
for all three subbasins.  Readers are referred to the Appendix 2-1 for details on soil distribution 
and properties, and LULC of the study area (Figures S2-1 and S2-2 and Table S2-1).   
 
Figure 2-1. Location of the study area and river monitoring stations (Source: MRC, 2010). 
Note that Strung Treng monitoring station is on main stream of Mekong (below the confluence 




Table 2-1. Details on basin characteristics, meteorology, and major soil and LULC type for 
each subbasin. m amsl = meters above mean sea level 
 Sekong Sesan Srepok 
Basin characteristics 
Area (km2) 28,815 18,888 30,942 
Elevation range (m amsl) 49 – 2165 50 – 2360 49 – 2358 
Average elevation (m amsl) 543 576 392 
Meteorology 
Average annual temperature range  
(○C) 
26 – 28 22 – 27 22 – 27 
Total average annual precipitation 
(mm) 
2774 2605 2510 
Total wet season precipitation 
(mm) and percentage (%) of 
total 
2451 (88) 2342 (90) 2142 (85) 
Total dry season precipitation (mm) 
and percentage (%) of total 
323 (12) 263 (10) 368 (15) 
Soil and landuse 
Major soil type and percentage (%) 







Major LULC type and percentage 







Hydrological and sediment modeling  
The Soil and Water Assessment Tool, SWAT (Arnold et al., 1998; Srinivasan et al., 1998), was 
used for simulating flows and sediment in the 3S basin because it is one of the most widely 
used watershed modeling tools, applied extensively for a broad range of water quantity and 
quality problems worldwide (Gassman et al., 2014). It is also capable of assessing catchment 
management scenarios. SWAT model has been extensively used in Mekong region and found 
to simulate the region’s hydrology with high accuracy (Rossi et al., 2009). Apart from its 
proven ability to simulate flows and sediment, SWAT is already used by the Mekong River 
Commission (MRC) as part of the MRC’s modeling Toolbox (MRC, 2010). Between 2010 and 
2011, a preliminary SWAT model was calibrated for the 3S basins using actual river flow and 
rainfall measurements from 1985 to 2006 (MRC, 2011). The main strengths of SWAT are its 
semi-distributed structure which is capable of modelling water quantity and quality, and its 
flexible framework which allows to assess various catchment management options. Intensive 
input data requirements, requirement of large parameter calibration and non-spatial portrayal 
of hydraulic response unit (HRU) are some of the main drawbacks of the SWAT model. For 
details on strength and weakness of SWAT model readers are referred to Glavan and Pintar 
(2012), Gassman et al. (2014) and Cambien et al. (2020). Theoretical details on the SWAT 




The main input data for the SWAT model consists of daily precipitation, maximum and 
minimum air temperatures, wind speed, humidity, solar radiation, and spatial data on DEM, 
LULC and soil layers. All model input data were provided by the Information and Knowledge 
Management Programme (IKMP) of the MRC. Meteorological data (temperatures, wind speed, 
humidity and solar radiation) were acquired for six stations in the 3S basin. The observed 
precipitation data provided by MRC are at the subbasin level. MRC uses the MQUAD program 
(Hardy, 1971) to interpolate and aggregate the observed precipitation data from stations to the 
subbasins. The network of precipitation gauge stations in Mekong River Basin is sporadic and 
MQUAD is a practical and efficient interpolation method to determine spatial precipitation 
(Shaw and Lynn, 1972). MQUAD estimates areal rainfall by calculating a multiquadratic 
surface from available point rain gauge data, such that the surface passes through all gauge 
points. For details on MQUAD and its benefits over other interpolation techniques readers are 
referred to Shaw and Lynn (1972). MRC vectorised contours and spot heights from scanned 
topographical map to create a 250 m resolution DEM for the lower Mekong. MRC used 
FAO/UNESCO 1988 soil classification to create the soil map with 78 soil types. The LULC 
map was developed processing satellite information for 2003 and contains 33 various classes.  
Model calibration, validation and performance evaluation 
The 3S SWAT model was calibrated (1985-2000) and validated (2001-2007) for daily 
streamflow at seven sites with observed data: Attapeu, Trung Nghai, Kontum, Cau 14, Ban 
Don, Lumphat and Stung Treng (See locations in Figure 2-1). The model was only calibrated 
(2005-2008) for monthly sediment at three sites: Ban Don, Lumphat and the 3S basin outlet. 
For this study, the sediment load was calibrated, but not validated, because of the scarcity of 
data in the basin. There is a tradeoff between improving estimates using a longer data set for 
only calibration, versus using a shorter data set for calibration with additional validation. A 
study by Muleta and Nicklow (2005) suggests that relatively short calibration and validation 
periods can adversely affect hydrological model predictions. The model should perform well 
in the range of conditions for the calibration, but because of the lack of validation estimates 
may possibly not be as good outside that range or time period, or for more extreme conditions. 
Hence, instead of splitting the short period of observed sediment data into calibration and 
validation periods, the whole set of observed data was used for calibration to improve model 
performance. There are several studies (for example Hanratty and Stefan, 1998; Shrestha et al., 
2013) where calibration only was performed for improving sediment load estimates when short 




available for the Lumphat and Bandon stations in the 3S basin, and for Pakse, Stung Treng and 
Kratie in the Mekong River (near the vicinity of the 3S basin outlet). Monthly sediment 
estimates were used to calibrate the model at Ban Don, Lumphat and 3S outlet. As no direct 
sediment measurements were made at the 3S outlet for the calibration/validation period, 
sediment loads at the 3S basin outlets (𝑆𝐸𝐷3𝑆) were approximated as follows:  
𝑆𝐸𝐷3𝑠 = 𝑇𝑆𝑆𝑆𝑡𝑢𝑛𝑔 𝑇𝑟𝑒𝑛𝑔 ∗ (𝑄𝑆𝑡𝑢𝑛𝑔 𝑇𝑟𝑒𝑛𝑔 − 𝑄𝑝𝑎𝑘𝑠𝑒)          (2.1) 
where 𝑇𝑆𝑆𝑆𝑡𝑢𝑛𝑔 𝑇𝑟𝑒𝑛𝑔 is the TSS concentrations in the Mekong River at Stung Treng, and 
𝑄𝑆𝑡𝑢𝑛𝑔 𝑇𝑟𝑒𝑛𝑔 and 𝑄𝑃𝑎𝑘𝑠𝑒 are the river flows along the Mekong at Stung Treng and Pakse, 
respectively.  
Equation 2.1 was used to overcome two major difficulties: (a) lack of long–term TSS 
monitoring at the 3S outlet, and (b) monthly TSS concentrations and computed sediment loads 
at the farthest upstream station in the study area (Pakse) are often larger than at the downstream 
stations Stung Treng and Kratie. TSS at Pakse was not used in above equation. The 
consideration of the sediment concentration and load at Pakse and assumption that this 
represents the contribution of the main river to the load measured at Stung Treng would mean 
that there is no contribution of sediment from 3S to the Stung Treng because of the above-
mentioned reason (i.e., TSS at Pakse larger than TSS at Stung Treng). This counter intuitive 
decrease in sediment loads downstream in the Lower Mekong has been risen as an issue before 
(Koehnken, 2012), and others have explained this phenomenon as a result of the overall 
deposition-dominated nature of the river channels in the lower Mekong (Lu et al., 2014b). 
Mean monthly sediment loads for the three stations were estimated using the program 
LOADEST (Runkel et al., 2004). LOADEST estimates mean monthly sediment loads using 
rating curves developed from the best-fitted polynomial model and coefficients based on an 
Adjusted Maximum Likelihood Estimation Method. Due to unavailability of SSC data, TSS 
data were used for this study. TSS stands for Total Suspended Solids, an indicator primarily 
used for water pollution characterization and it is derived from filtering a small water 
subsample (100-250 mL) from a single grab sample collected at arm reach below the water 
surface in the middle of the river channel. SSC stands for Suspended Sediment Concentration, 
an indicator specifically scoped for natural waters, in which the full content of relatively large 
samples (1-L normally) are obtained in order to represent the entire depth of the water body.  
The difference between TSS and SSC decrease when the fraction of small particles is large 




of silt- and clay-sized particles (Walling, 2005). Koehnken (2012) indicated that the suspended 
sediments are mostly comprised of silt and clay downstream of Pakse and typically all of the 
suspended sediments are less than 63 μm in the Mekong at Kratie. In general suspended 
particles that are finer than 60 μm are uniformly vertically concentrated in rivers (Guy and 
Norman, 1970; Partheniades, 1977).  Thus, the difference between loads estimated with TSS 
and SC measurements in this part of the lower Mekong should not be expected to be as large 
as what others have found in the basin’s upper reaches upstream of Pakse (Walling, 2008).   
For the SWAT model, parameters are spatially designated at watershed, subbasin and 
Hydrological Response Unit (HRU: the lumped land area within the subbasin that comprise 
unique land cover, soil, slope and management combinations) levels; hence a two-stage 
calibration procedure was adopted in this study. First, the model was calibrated from upstream 
to downstream for parameters specified at subbasin and HRU levels. Second, once the 
parameters for subbasin and HRU levels were calibrated, they were kept unchanged and 
parameters specified at the watershed level were calibrated.  
The SWAT-CUP software (Abbaspour, 2008) was used for the automatic calibration of the 3S 
SWAT model. The user interaction or manual component of the SWAT-CUP calibration forces 
the user to obtain a better understanding of the overall hydrologic processes (e.g., baseflow 
ratios, evapotranspiration, sediment sources and sinks, crop yields, and nutrient balances) and 
of parameter sensitivity (Arnold et al., 2012). The Sequential Uncertainty Fitting (SUFI-2) 
algorithm (Abbaspour et al., 2004; Abbaspour et al., 2007) was used for the parameter 
optimization. SUFI-2 enables sensitivity analysis, calibration, validation, and uncertainty 
analysis of SWAT models. This algorithm is known to produce comparable results with widely 
used other auto-calibration methods (Yang et al., 2008). In order to run the automatic 
calibration in SUFI-2, the parameters to be calibrated (most sensitive ones) and their initial 
ranges (Table 2-2) were specified based on a literature review (Neitsch et al., 2011; Shrestha 
et al., 2013). In SUFI-2 there are two ways to change parameter values during calibration: 
directly changing the absolute value of a parameter, and changing the absolute value relative 
to the initial value specified for the parameter. Readers are referred to Abbaspour et al. (2007) 
for details of SUFI-2 approach.  
The calibrated models were evaluated by comparing the simulated with the observed 
constituents using the Nash-Sutcliffe efficiency (NS), Coefficient of Determination (R2) and 




performance measures (Masih et al., 2011), and PBIAS is also recommended as one of the 
measures that should be included in model performance reports (Moriasi et al., 2007). 
Table 2-2. Calibrated parameters and their initial range for the 3S SWAT model. 
Parameter name Description and units 
Initial range 
Minimum Maximum 
Flow variables    
v__GW_DELAY.gwa Groundwater delay time (days) 0 100 
v__ALPHA_BF.gw Baseflow alpha factor (1/days) 0 1 
v__GWQMN.gwb Threshold depth of water in the shallow aquifer 
required to return flow to occur (mm) 0 1000 
v__GW_REVAP.gw Groundwater "revap" coefficient (-) 0.02 0.2 
v__REVAPMN.gw Threshold depth of water in the shallow aquifer 
for "revap" or percolation to the deep aquifer to 
occur (mm) 
0 2000 
v__RCHRG_DP.gw Deep aquifer percolation fraction (-) 0 0.5 
v__LAT_TTIME.hru Lateral flow travel time (days) 0 180 
v__SLSOIL.hrub Slope length for lateral subsurface flow (m) 0 100 
v__CANMX.hru Maximum canopy storage (mm) 0 20 
v__ESCO.hru Soil evaporation compensation factor (-) 0 1 
v__CH_N2.rte Mannings "n" value for the main channel 0.014 0.15 
v__CH_K2.rte Effective hydraulic conductivity in main channel 
alluvium (mm/hr) 
0 25 
v__ALPHA_BNK.rte Baseflow alpha factor for bank storage (days) 0 1 
v__CH_N1.sub Manning's "n" value for the tributary channels 0.014 0.15 
v__CH_K1.sub Effective hydraulic conductivity in tributary 
channel alluvium (mm/hr) 
0 25 
r__SOL_AWC(1).sol Available water capacity in the soil layer 
(mm/mm soil) 
-0.3 0.3 
r__CN2.mgtc Initial SCS runoff curve number for moisture 
condition II (-) 
-0.15 0.15 
Sediment variables    
v_SPCON.bsn Linear parameter for calculating the maximum 
amount of sediment that can be re-entrained 
during channel sediment routing (-) 
0.001 0.01 
v_SPEXP.bsn Exponent parameter for calculating sediment re-
entrained in channel sediment routing (-) 1 1.5 
v_PRF_BSN.bsn Peak rate adjustment factor for sediment routing 
in the main channel (-) 
0 2 
v_USLE_C (Forest).dat Minimum value for the cover and management 
factor for the land cover (-) 
0.001 0.02 
v_USLE_C (Agriculture).dat 0.01 0.4 
v_USLE_C (Grass land).dat 0.01 0.15 
v_USLE_C (Barren land).dat 0.5 1 
v_CH_COV1.rte Channel erodibility factor (-) 0 1 
v_CH_COV2.rte Channel cover factor (-) 0 1 
v_CH_ERODMO.rte Channel erodability factor (-) 0 1 
v_USLE_K .sol USLE equation soil erodibility (K) factor (0.013 
metric ton m2 hr / (m3-metric ton cm)) 
0 0.65 
Note: a The extension (e.g., .gw) refers to the SWAT input file where the parameter occurs;  b The qualifier (v) refers to the substitution of a 
parameter by a value from the given range; c The qualifier (r) refers to relative change in the parameter where the value from the SWAT 




Model uncertainty: uncertainty in parameter estimation 
The final model parameter ranges are always conditioned on the form of the objective function 
(Abbaspour et al., 2004). The objective function used in the generation of the response surface 
(objective criteria) is crucial in the automatic calibration process (Gan et al., 1997).  To address 
the uncertainty in parameter estimation, three different objective functions were used to 
calibrate the 3S SWAT model. The three different objective functions were selected based on 
recommendations in the literature and options available in SWAT-CUP. During the automatic 
calibration process in the SWAT-CUP software using the SUFI-2 optimizing algorithm, the 
objective function and meaningful absolute minimum and maximum ranges for the parameters 
being optimized were defined initially. Parameters were then calibrated using a Latin 
Hypercube sampling procedure three times for each objective function; the first was derived 
from 1000 simulations and the subsequent two were derived from 500 simulations.  Out of the 
best three resulting parameter sets, the parameter set that performed well for all performance 
indicators considered (NS, R2 and PBIAS) was chosen. As a result, three different model 
configurations were used in this study in order to assess the uncertainty in parameter estimation 
(Figure 2-2).  
 
Figure 2-2. Approach for assessing the uncertainty in SWAT parameter estimation. 
Nash-Sutcliffe efficiency (NS)    
NS is a normalized statistic that determines the relative magnitude of the residual variance 
compared to the measured data variance (Nash and Sutcliffe, 1970). It indicates how well the 
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                  (2.2) 
where 𝑄𝑚,𝑖 is the observed value (sediment load or flow) at time-step i, 𝑄𝑠 is the simulated 
value at time-step i, ?̅?𝑚 is the mean observed value.  
NS is widely used (Gupta et al., 2009; Moriasi et al., 2007) and is the best objective function 
for reflecting the overall fit of a hydrograph (Servat and Dezetter, 1991). NS ranges between 
negative infinity to 1, where 1 shows a perfect model. Values between 0 and 1 are generally 
viewed as acceptable levels of performance.   
Ratio of Standard Deviation of Observations to Root Mean Square Error (RSR)  
RSR standardizes the Root Mean Square Error using the observations’ standard deviation. RSR 
incorporates the benefits of error index statistics and includes a scaling/normalization factor, 
so that the resulting statistics and reported values can apply to various constituents (Moriasi et 
al., 2007).  RSR is calculated as: 







             (2.3) 
where 𝑄𝑚,𝑖 is the observed value at time-step i, 𝑄𝑠 is the simulated value at time-step i, ?̅?𝑚 is 
the mean observed value, n is the total number of time-steps.  
RSR varies from 0 to larger positive values. The lower the RSR, the better the model fit.  
Mean square error (MSE) 
MSE measures the average of the squares of the errors. The equation for MSE is: 
𝑀𝑆𝐸 =  
1
𝑛
∑ (𝑄𝑚 −  𝑄𝑠)𝑖
2𝑛
𝑖=1             (2.4) 
where 𝑄𝑚,𝑖 is the observed value at time-step i, 𝑄𝑠 is the simulated value at time-step i, n is 
the total number of time-steps.  
MSE is the most commonly used criteria for calibration and evaluation of hydrological models 
with observed data (Gupta et al., 2009). MSE varies from 0 to infinity. An MSE value of 0 
indicates a perfect fit.  
In general, these objective functions tend to better fit the higher portions of the hydrograph at 




et al., 2005). Most of sediment load is transported by the high flows and sediment is the main 
focus of the study hence it is more relevant to choose objectives functions which tend to focus 
on the upper sections of the hydrograph. 
Future climate scenarios and downscaling technique 
GCMs and emission scenarios  
A previous study on selection of climate change scenarios for the Lower Mekong (MRC, 2015) 
found that in order to maximize the amount of uncertainty captured, climate change scenarios 
should be developed based on three GCMs (GISS-E2-R-CC, IPSL-CM5-MR and GFDL-CM3) 
and three emission scenario (referred to as Representative Concentration Pathways (RCPs)): 
RCP2.6 (low emissions), RCP6.0 (medium) and RCP8.5 (high). The three representative 
GCMs (GISS-E2-R-CC, IPSL-CM5-MR and GFDL-CM3) were downsized from the 15 
shortlisted GCMs, which best captured the spatial and temporal climatic patterns of the region, 
so that a wide range of uncertainty is still covered with plausible climate projections and the 
time required to do the hydrological modelling is feasible (MRC, 2015). Further, these three 
GCMs are selected based on their satisfactory performance in simulating the most influencing 
climate processes in the Asian monsoon region (MRC, 2015). Hence, for this study the 
aforementioned three GCMs and three RCPs are used (Table 2-3). Details of three RCPs used 
are provided in the Appendix 2-1 (Table S2-3). 
Table 2-3. Future climate scenarios used for this study. 





Goddard Institute for Space Studies 
Model E2, coupled with the Russell 
ocean model, with carbon cycle  
(GISS-E2-R-CC) 
 
USA RCP2.6  
RCP6.0  
RCP8.5 
2.50 x 20 
Institute Pierre-Simon Laplace Coupled 
Model, version 5A, coupled with 
NEMO, 
mid resolution  
(IPSL-CM5A-MR) 
 
France RCP2.6  
RCP6.0  
RCP8.5 
2.50 x 1.270 
Geophysical Fluid Dynamics Laboratory 
Climate model version 3 (GFDL-CM3) 
USA RCP2.6  
RCP6.0 
RCP8.5 
2.50 x 20 
The GCMs selected are part of the Coupled Model Intercomparison Project-5 (CMIP5) models, 




and more sophisticated than the older CMIP3, i.e. IPCC 4th Assessment Report GCMs (MRC, 
2015). For rainfall of the East Asian monsoon, the CMIP5 models outperformed the CMIP3 
models in terms of the interannual variability and intraseasonal variability (Sperber et al., 
2013). The CMIP5 models are also superior to the older CMIP3 models in terms of utilizing 
the most up to date scientific information and computing technology (MRC, 2015).  
The two time horizons, short term future (2021-2040) and long term future (2051-2070), were 
used to produce climate change projections for the 3S basin.  These time horizons are critical 
for planning purposes and have been used in previous MRC work.  
Climate model downscaling 
The climate change projections dataset used for this study was provided by the MRC Climate 
Change and Adaptation Initiative (CCAI). This dataset includes SWAT model-ready monthly 
‘change factors’ for precipitation, temperature, solar radiation and relative humidity. MRC 
CCAI uses SimCLIM software to downscale the climate projections. SimCLIM is an integrated 
assessment model that was originally developed to enable integrated assessments of the effects 
of climate change on New Zealand’s environment (Kenny et al., 1995). It is designed by CLIM 
systems, which uses projections of global mean temperature change and combines them with 
spatial patterns of change from GCM simulations to derive future climate projections for a 
range of variables at high spatial resolutions. SimCLIM employs pattern scaling plus bilinear 
interpolation to downscale the GCM outputs. Pattern scaling constructs future climate time 
series by linearly relating change in any variable (at any region or time in the future) with the 
change in global mean temperature for the corresponding GHG emission and time period. In 
pattern scaling for a given climate variable (𝑉), its anomaly ∆𝑉∗ for a particular grid cell i, 
month j and year or period y under an emission scenario is given by:  
∆𝑉𝑦𝑖𝑗
∗ =  ∆𝑇𝑦∆𝑉𝑖𝑗
′            (2.5) 
where ∆𝑇 is the change in annual global mean temperature and ∆𝑉𝑖𝑗
′  is the local change pattern 
value.  
∆𝑉𝑖𝑗
′  is calculated from the GCM simulation anomaly (∆𝑉𝑦𝑖𝑗) using linear least squares 













where m is the number of future 5-year sample periods used (i.e from 2006-2100, 19 periods 
in total).  
Pattern scaling is a computationally efficient approach and proven to perform well for seasonal 
and annual means of precipitation and temperature (Tebaldi and Arblaster, 2014). The major 
weakness of the pattern scaling is its assumption of linearity between temporal or spatial 
changes in the weather system (e.g monsoon dynamics) to changes in mean temperature and 
its specification as monthly change factors which does not properly represent the distribution 
of changes (MRC, 2015). For details on strength and weakness of pattern-scaling readers are 
referred to Tebaldi and Arblaster (2014). 
Pattern scaling is done at the GCM grid scale, hence it does not downscale.  Downscaled 
information is obtained by bilinear interpolation. This method interpolates the pattern scaled 
data from the original resolution (i.e the resolution of the GCM) to 0.5 x 0.5 grids which 
ensures consistency and allows comparison across the different GCMs, different time horizons, 
different emission scenarios, different variables, and with the baseline data.   
SimCLIM provides ‘change factors’ and ‘absolute projected values’ to quantify the projected 
alterations to the climate. Change factors are the differences between GCM future and GCM 
historical climate simulations while absolute projected values are the actual GCM future 
climate change simulations. MRC CCAI uses change factors to quantify the projected 
alterations to the climate because the change factor approach represents the simplest and most 
practical way to produce scenarios based on multiple GCMs, emission scenarios, sensitivities, 
time horizons and locations (MRC, 2015).   
Uncertainty analysis 
The uncertainty analysis for this study is based on the methodology suggested by Chen et al. 
(2011b). Three different 3S SWAT model configurations (use of separate parameter solutions 
sets) were used for each of three GCMs and three RCPs combinations for a total of 27 
simulations for each of two time horizons (Table 2-4).  The flow and sediment projections from 
the same source of uncertainty were first grouped and then averaged for a mean projection and 
compared with the baseline period (1986-2005). For instance, to investigate the uncertainty 
linked to GCMs, flow and sediment projections were grouped by GCMs (three GCMs), each 





Table 2-4. Combination and sample size for each group of source of uncertainty. 
Source of uncertainty Group size Combination of each 
group 
Sample size of each 
group 
GCM 3 3 RCP x 3 MP 9 
RCP 3 3 GCM x 3MP 9 
Model parameters 
(MP) 
3 3 GCM x 3 RCP 9 
The mean flow and sediment loads for the baseline period were represented by the average of 
the simulations of the three model configurations for the baseline period. The ranges of 
difference between the future hydrologic projections resulting from the use of different GCM, 
RCP and MP as compared to the baseline are referred to as uncertainty due to GCM, RCP and 
MP, respectively. Five major hydrological parameters for flow (annual, dry, wet, peak and 95% 
low flows) and two parameters for sediment (total annual and peak sediments) were calculated 
to investigate each source of uncertainty.  
Results and discussion 
Calibration and Validation of the SWAT model  
The comparisons for the observed and model simulated discharge and sediment load show an 
overall good agreement in seasonal patterns with some discrepancies in peak events and 
interannual variability (Figure 2-3 and Figure 2-4). None of the model configurations 
(SWATNS, SWATRSR, SWATMSE) were able to capture peak flows for three stations (Kontum, 
Cau 14 and Ban Don; Figure 2-3), which might be attributed to precipitation data, potential 
errors in the observed stream flow data (especially during high flows), and inadequate 
representation of natural or man-made processes in the model. Several researchers have 
acknowledged the limitation in observed precipitation data of Mekong Region. The distribution 
of precipitation gauges is spare and uneven across the Mekong Basin (Wang et al., 2016; Ono 
et al., 2013). MRC conglomerates data from different riparian countries. The practice of data 
sharing among the riparian countries is limited (Nguyen et al., 2018). Further, precipitation 
data gathered during the second half of the 20th century by riparian countries is limited and of 
poor quality (i.e., many gaps and discontinuities) (Lutz et al., 2014). A study in 3S basin by 
Trang et al. (2017) reported poor flow calibration results for Kontum gauging station due to 
lack of observed precipitation data for areas upstream. Nguyen et al. (2018) also acknowledge 
the poor quality of precipitation data for Sre Pok sub basin. The data gap and uneven 
distribution of precipitation gauges can result to inaccurate spatial representations of 




and Putz, 2014; Xu et al., 2013). Further in Mekong Basin the errors in stream flow gauging 
(i.e., recording errors for low flow and gauging errors for high flow) are more evident for 
tributaries river (Rossi et al., 2009). Similarly, none of the model configurations were able to 
capture the peak sediment events (Figure 2-4). Since peak value of stream was not captured 
well this can have some influence on sediment results, nevertheless sediment results can be 
considerably affected by several other reasons. Although long-term flow observation is 
available, flow and sediment do not always follow same tendency or 1:1 linear relationship. 
Inaccuracy in temporal and/or spatial precipitation data can impact sediment yield results (e.g., 
Zabaleta et al., 2014; Lu et al., 2014a). (Bieger et al., 2014) highlighted that quality (resolution 
of) DEM (for example slope value calculated from DEM), soil data and LULC data can also 
influence sediment yield results. This mismatch in peak sediment may also be due to 
uncertainty in the modified universal soil loss equation (MUSLE) used in SWAT. MUSLE 
tends to overpredict the sediment yields for small events and underpredict yields for large 
events (Jackson et al., 1986; Johnson et al., 1986). Further, high sediment yields during the wet 
season may be caused by effects that cannot be captured by the model; for instance, heavy 
(local) rainfall-induced landslides, river bank collapses or human activities. Moreover, the 
model’s poor capture of the interannual variability in sediment loads could be related to the 
uncertainty in sediment sampling itself, which for the dataset used to calibrate this model was 
done based on grab samples of suspended solids as opposed to detailed suspended sediment 
concentration data (Walling, 2008), which only began to be monitored very recently in the 3S 
and for which only one year of data are available at the 3S outlet (Koehnken, 2014). 
The performance of the 3S SWAT model for the three model configurations was also verified 
in terms of three different statistical parameters/indicators (Table 2-5 and Table 2-6). In 
general, the results indicate that all three model configurations performed satisfactorily with 
performance indicators within the expected range for SWAT applications in other data-scarce 
basins (Ndomba et al., 2008b, a; Rostamian et al., 2008; Setegn et al., 2010; Shrestha et al., 
2013). To our knowledge, there is only one other SWAT application that has been calibrated 
for suspended sediments in the Mekong (Shrestha et al., 2013), and a comparison of calibration 
results (all R2 and NS values below 0.60) highlights the difficulty of accurately calibrating a 
sediment model in this basin. Assessment of the sediment flux of a river system is 
predominantly dependent upon the number and locations of measuring stations, the amount of 
available data, reliability, accuracy, the temporal resolution of the data, and, finally, the length 




SPEXP and PRF) can only have single values across the whole watershed; however, in a large 
watershed these parameters may vary considerably and this restriction could affect modeling 
performance (Gong et al., 2012). The PBIAS for flow tends to be higher in the validation period 
as compared to the calibration period, which might be due to over fitting of volume–sensitive 
parameters (Bennett et al., 2012), assumptions that the calibrated parameters are stationary (and 
valid for both calibration and validation periods), or not incorporating dynamic land cover.    
 









Figure 2-3. Observed (OBS) and simulated (SIM) discharge for six gauging stations within 
the 3S basin for the calibration period. SIMNS, SIMRSR and SIMMSE refer to simulation using 
three different model configurations: SWATNS, SWATRSR, and SWATMSE, respectively.  
 
Figure 2-4. Observed (OBS) and simulated (SIM) sediment load for three gauging stations 

























0.57 0.57 3.01% 
2001-
2005 
0.68 0.69 6.32% 
RSR 0.56 0.56 -0.90% 0.67 0.67 2.61% 





0.51 0.51 4.93% 
- 
- - - 
RSR 0.51 0.51 2.63% - - - 




0.42 0.44 -1.96% 
2001-
2006 
0.48 0.54 -20.27% 
RSR 0.43 0.44 -6.12% 0.45 0.53 -25.36% 




0.67 0.68 -9.14% 
- 
- - - 
RSR 0.66 0.68 -9.96% - - - 




0.66 0.70 -14.51% 
2001-
2007 
0.53 0.66 -26.28% 
RSR 0.66 0.70 -15.42% 0.55 0.68 -27.60% 




0.73 0.76 -19.81% 
2001-
2007 
0.58 0.70 -38.89% 
RSR 0.70 0.74 -22.19% 0.45 0.68 -46.40% 





0.96 0.97 -4.69% 
2001-
2007 
0.97 0.97 -5.33% 
RSR 0.96 0.97 -5.08% 0.97 0.97 -5.69% 
MSE 0.96 0.97 -4.10% 0.97 0.97 -4.80% 
 
Table 2-6. 3S SWAT model performance for monthly sediment load in the calibration 
period.  










0.65 0.68 21.20% 
RSR 0.61 0.64 28.84% 




0.65 0.68 18.09% 
RSR 0.54 0.59 32.76% 




0.49 0.53 31.46% 
RSR 0.44 0.48 33.67% 
MSE 0.50 0.54 35.20% 
Based on the visual and statistical performance indicators comparison, the overall performance 




calibration.  The resulting range of selected parameters used for the model calibration is 
provided in the Appendix 2-1 (Figure S2-4).  
Climate change projections 
Projected changes in the seasonal (dry and wet) and annual temperature (differences) and 
precipitation (ratio) for the 3S basin are presented by GCMs and emission scenarios (RCP) to 
illustrate each source of uncertainty (Figure 2-5). Climate projections from the same source are 
first grouped and then averaged for a mean climate projection. Further, the changes were also 
calculated for the three subbasins (Sekong, Sesan and Srepok) to reflect the variability of 
projections across the 3S basin. Readers are referred to the Appendix 2-1 (Figure S2-5) for 
results at the subbasin level.  
 
Figure 2-5. Scatterplots of changes in mean temperature (∆T) and precipitation average (∆P/P) 
over the whole 3S basin presented by GCMs (average value of three RCPs for each GCM) and 
RCPs (average value of three GCMs each RCP) for 2030s (2021 – 2040) and 2060s (2051 – 
2070) time horizons as compared to the base line period (1986 – 2005). 
All GCMs and RCPs show an increase in seasonal and annual temperature across the 3S basin, 
with similar variability in shifts for all subbasins, for future horizons.  In the case of 
precipitation for all subbasins, two GCMs (except GFDL-CM3) and RCPs suggest decreases 
in the mean dry season precipitation. In general, all projections show an increase in the wet 
season and annual precipitation over the 3S basin. However, for the Srepok subbasin, GISS-




In contrast to temperature, the variability in annual and seasonal precipitation differs among 
subbasins. For instance, the projected changes in wet season precipitation for 2060s (2051 – 
2070) range from 1.0 to 8.5% for Sekong, 0.9 to 7.4% for Sesan, and -5.4 to 5.0% for the 
Srepok subbasin.  Projected changes in precipitation are not unidirectional and vary depending 
on the GCMs, time period, and season. The bidirectional changes in precipitation may be due 
to the complexity in interpreting precipitation, as different GCMs often do not agree with 
regard to changes in both magnitude and direction at a specific location (Girvetz et al., 2009).  
The uncertainties related to GCMs and RCPs for two variables increase with time as shown by 
the higher variability in temperature and precipitation changes from the 2030’s and 2060’s 
projections (Figure 2-5). The uncertainty linked to the GCMs is higher than for RCPs for 
seasonal and annual precipitation for the 3S basin. In contrast, basin wide analysis showed that 
the uncertainty related to the GCMs is smaller than for RCPs for wet season and annual 
precipitation for the Sekong and Sesan subbasins. The uncertainty related to GCMs arises due 
to incomplete understanding of the physical processes and the limitations in implementing such 
understanding in the models (Vetter et al., 2015). For precipitation projections, uncertainty due 
to GCMs is generally the dominant source of uncertainty for longer time horizons (Hawkins 
and Sutton, 2011).  Uncertainty related to RCPs is larger for temperature than precipitation, 
and this is even greater for the 2060s period than for the 2030s period, which largely agrees 
with other studies (Yip et al., 2011).   
Uncertainty analysis 
Flow 
The cumulative distribution functions (CDFs) of peak flow and 95% low flow changes for the 
two future time periods (or horizons) (2030s and 2060s) were analyzed for the 3S basin (Figure 
2-6 and Figure 2-7, respectively). CDFs are plotted to compare the importance of all three 
uncertainty components.  The peak flow is likely to increase for both time horizons. For 
example, for the 2060s (2051-2070) period using GISS, GFDL and IPSL GCMs, there is a 
likelihood of nearly 64%, 74% and 69%, respectively, of increased (i.e., positive changes) peak 
flow (Figure 2-6). Model parameter is the main contributor to uncertainty in peak flow for the 
2030s period, while RCP is the main source of uncertainty for the 2060s period which is clearly 
indicated by the large differences between CDFs of RCP for more extreme peak flow increases. 
For the 2060s, the likelihood of increased peak flow ranges from 54.1% under RCP 2.6 to 




periods. In contrast, the low flow is likely to decrease for all future horizons except for GFDL 
GCM, which predicts about 68% and 75% likelihood of increased low flows for the 2030s and 
2060s periods, respectively (Figure 2-7). In comparison, the uncertainty due to GCM is large, 
which is mainly due to the GFDL model. RCPs provide the smallest source of uncertainty for 
low flow for the 2030s, while model parameter is the least source of uncertainty for the 2060s 
period.  
 
Figure 2-6. Cumulative distribution functions of peak flow changes for 2030s and 2060s 
periods at the 3S basin outlet reflecting uncertainty in GCMs, RCPs and MPs. 
Results at the subbasin level suggest that there is substantial spatial variability in changes in 
peak and low flows across the 3S basin (Figure 2-8). For the Sekong subbasin, RCP is the main 
contributor to uncertainty of peak flow for both periods. For instance, the absolute differences 
(i.e., absolute differences between minimum and maximum values as shown in Figure 2-8) in 
the peak flow for GCM, RCP and model parameter are 2.9%, 4.1% and 1.2%, respectively. In 
comparison, the largest absolute difference is for RCP which makes RCP the largest source of 
uncertainty. Model parameters result in the least uncertainty among sources. For low flows, the 
uncertainty due to GCM is large and mainly due to the GFDL model. Model parameter is the 
least source of uncertainty for both periods. With regard to the Sesan subbasin, model 
parameter is the main source of uncertainty for both periods, while GCM is the least contributor 
to uncertainty of peak flow. Model parameter is the main source of uncertainty and RCP is the 
least source of uncertainty for low flow projections for both time horizons. For the Srepok 




period, while GCM is the main source of uncertainty for the 2060s period. RCP result in the 
least uncertainty among sources. For low flows, model parameter is the main contributor and 
RCP is the least contributor to uncertainty for all time horizons.  
 
 
Figure 2-7. Cumulative distribution functions of 95% low flow changes for 2030s and 2060s 
periods at the 3S basin outlet reflecting uncertainty in GCMs, RCPs and MPs. 
 
 
Figure 2-8. Spatial variability in peak and low flows across subbasins. Range of percent 
changes in peak flows and 95% low flows between baseline (1986 – 2005) and future (2030s 
and 2060s) periods for three sources of uncertainty. GCM = Global climate model; RCP = 




In general, the greatest source of uncertainty for peak flows projection varies both with time 
horizon and space, while for low flows the major contributing sources of uncertainty vary 
spatially primarily. Nevertheless, model parameter and GCM are the two major contributors to 
uncertainty in low-flow projections, while RCPs have a lesser effect. The uncertainties in peak 
and low flow projection due to hydrological model parameters can be significant, which was 
also concluded by Wilby and Harris (2006). Najafi et al. (2011) also found that the hydrologic 
model uncertainties become important when analyzing dry season flows. Hydrological model 
parameter uncertainty and careful calibration and validation to reduce parameter uncertainty 
should be taken into account in practical use of hydrological models for decision making 
(Zhang et al., 2014). The parameter uncertainty should be properly addressed in climate change 
studies to avoid an over-confident portrayal of climate change impacts (Mendoza et al., 2015). 
The changes in seasonal as well as annual flows are bidirectional (Figure 2-9 and Table 2-7) as 
the projections of hydrological changes in the basin are highly dependent on the direction of 
the projected changes in precipitation (Kingston et al., 2011; Shrestha et al., 2013). Similar to 
peak and low flows, the dominant source of uncertainty for seasonal and annual flow varies 
spatially across the 3S basin (Table 2-7). For the Sekong subbasin, GCM is the major 
contributing source of uncertainty for seasonal and annual flow for all future time horizons. In 
contrast, uncertainty due to model parameter is larger for seasonal and annual flow in the Sesan. 
For the Srepok subbasin, uncertainty due to model parameter dominates during the 2030s 
period for seasonal flows and for dry season flow during the 2060s, which is mainly caused by 
model parameterization in the RSR model configuration.  Spatial variability may be due to 
sensitivity of basin runoff processes to variability in climate, physiographic factors and 
spread/range of hydrological model parameters used to capture the runoff process in the basin. 
The spatial variability in LULC is large for Sesan and Srepok subbasins as compared to Sekong 
subbasin. High spatial variability in physical properties (such as LULC and soil type) can 
results to high model parameter uncertainty and considerable difference in basin behaviour 
(Teuling et al., 2009). For instance, RCPs represent an important driving factor for basins where 
the more certain projected trends in temperature are probably more relevant for projected 
discharges than the precipitation process (Vetter et al., 2015). Variability in spread/range of the 
selected hydrological model parameter(s) can have variable influences in the watersheds and 
the uncertainty because hydrologic parameter uncertainty tends to be larger when GCM and 
emissions anomalies are larger (Bennett et al., 2012). Parameter sets with similar performance, 




future catchment behavior (Mendoza et al., 2015). The study results support that optimal 
solutions may lead to a wide range, and spatially variable set of hydrological model parameters 
(Figure S2-4 in the Appendix 2-1). 
 
Figure 2-9. Range of changes in seasonal and annual outlet flows from the 3S basin for the 
future (2030s and 2060s) relative to baseline period (1986-2005) for three sources of 
uncertainty.  
Table 2-7. Minimum and maximum changes in flows (m3/s) between baseline (1986 – 2005) 




Flow change (m3/s) 
   2030s          2060s     
Dry   Wet   Annual   Dry   Wet   Annual 
Sekong 
GCM 
                      
-11.34 , 19.43   -27.26 , 42.01   -7.85 , 30.37   -16.32 , 40.87   -43.55 , 80.86   -8.37 , 58.15 
RCP 
                      
2.71 , 16.42   -3.48 , 9.78   -0.39 , 13.1   1.93 , 43.63   -4.22 , 34.99   -1.14 , 39.31 
MP 
                      
0.98 , 13.47   -10.7 , 25.04   -1.49 , 19.26   12.69 , 24.72   -2.16 , 34.59   8.57 , 29.65 
                      
Sesan 
GCM 
                      
-2.06 , 14.62   -13.01 , 5.97   -7.54 , 9.61   -3.57 , 28.65   -10.79 , 27.58   -7.18 , 26.5 
RCP 
                      
1.98 , 12.22   -10.36 , 7.18   -4.19 , 9.7   1.27 , 28.85   -9.97 , 40.15   -4.35 , 34.5 
                      
MP 
-18.51 , 33.43   -71.58 , 66.74   -45.04 , 35.82   -11.7 , 41.52   -57.42 , 81.42   -34.56 , 46.82 
                      
Srepok 
GCM 
                      
-28.2 , 16.53   -125.39 , -6.35   -76.79 , 2.83   -42.48 , 38.58   -190.5 , 21.12   -116.49 , 22.14 
                      
RCP 
-4.7 , 3.05   -65.89 , -28.84   -31.42 , -16.77   -8.5 , 23.37   -104.91 , -22.42   -40.77 , -15.46 
                      
MP 
-66.36 , 51.38   -121.77 , 76.06   -43.35 , 4.85   -59.35 , 60.09   -138.54 , 67.85   -45.63 , 4.25 
                      
Note: Color coding represents the descending ranking of all sources of uncertainty for each variable as follow:          





In general, the results suggest that in the short term (2030s) uncertainty due to model parameter 
can be most significant for wet season flows, but in the longer term (2060s) GCM is the major 
contributing source of uncertainty for seasonal as well as annual flow projections (Figure 2-9). 
The dominance of uncertainty due to GCM has been reported before (e.g., Chen et al., 2011b), 
mostly due to the large uncertainty contribution of climate models for precipitation projections 
(Vetter et al., 2015). The change in the major source of uncertainty with time, however, is a 
key finding from this research that should be studied in more detail as it could result in 
important implications for the way climate change scenarios are translated from GCMs to 
watershed models.    
Sediment  
The cumulative distribution functions (CDFs) of peak sediment load changes were plotted to 
compare three uncertainty components in peak sediment load projection for the 2030s and 
2060s time horizons (Figure 2-10).   
 
Figure 2-10. Cumulative distribution functions of peak sediment load changes for 2030s and 
2060s periods at the 3S basin outlet reflecting uncertainty in GCMs, RCPs and MPs. 
Similar to peak flows, the dominant source of uncertainty for peak sediment projection is 
subbasin dependent (Figure 2-11).  In general, all simulations show that the peak sediment load 
is likely to increase in the future. For instance, under emission scenarios the likelihoods of 
increased peak sediment load ranges between 63.5 and 94% for the 3S basin as a whole, with 
subbasin variability of 61.19 – 93.10%, 63.38 – 78.91% and 56.67 – 72.50% for the Sekong, 




model parameter is the main contributor to uncertainty of peak sediment load in the short term 
(2030s), while RCP is the main source of uncertainty in the longer term (2060s). The choice of 
GCM results in the smallest source of uncertainty. In contrast, in the Srepok uncertainty due to 
GCM dominates the uncertainty in peak sediment load projections. This is mainly due to GISS 
GCM that predicts decrease in peak sediment load for the Srepok in opposite to other two 
subbasins. Model parameter is the smallest source of uncertainty for peak sediment load for the 
2060s period and the uncertainty due to RCPs is small for 2030s.   
 
Figure 2-11. Spatial variability in peak sediment load across subbasins. Range of percent 
changes in peak sediment load between baseline (1986 – 2005) and future (2030s and 2060s) 
periods for three sources of uncertainty.   
 
Figure 2-12. Range of changes in annual outlet sediment load from the 3S basin for the future 
(2030s and 2060s) relative to the baseline period (1986-2005) for three sources of uncertainty. 
Basin wide analysis shows that the annual sediment load is likely to increase in the future 
(Figure 2-12), despite differences in the direction of change among subbasins load (Table 2-8). 
One of the possible explanations for this spatial variability could be due to differences in 
hydrologic properties (like precipitation, temperature). For instance, the changes in wet season 
precipitation for the Srepok appeared to be bidirectional which is opposite from the other two 




Srepok ranges from -3.0 to 2.8% for the 2030s and -5.4 to 5.0% for 2060s. This larger response 
to precipitation events may explain why there is bidirectional change in annual sediment yield. 
Dry season sediment loads are an insignificant fraction compared to wet season sediment loads 
for the 3S basin. In general, changes in sediment loads follow patterns of flow, however the 
results indicate bidirectional flow projections can all lead to increasing sediment load for both 
periods. The changes of sediment yield and discharge in response to climate change do not 
always happen in the same direction (Shrestha et al., 2013). This also suggests that the sediment 
yield projection is more sensitive to temperature and rainfall changes than flow. Decrease in 
rainfall and increase in temperature can lead to water stress, which reduces the growth of plants 
and hence increases the erosion rate. This change in erosion rate causes change in the sediment 
flux in a river, which was also outlined by (Zhu et al., 2008). The temporal and spatial 
variability in the major contributing sources of uncertainty for the annual sediment load 
projections is also observed across the 3S basin (Table 2-8).  Results of the subbasin wide 
analysis show that model parameter and RCP are the largest sources of uncertainty for the 
annual sediment load during the 2030s and uncertainty due to RCPs and GCMs dominates for 
the 2060s.  
In general, the uncertainty due to RCPs is larger than other two sources of uncertainty for the 
annual sediment load projection of the 3S basin Figure 2-12). The uncertainty due to RCP is 
large mainly due to RCP 8.5, in which change signals are expected to be larger (i.e emissions 
continue to rise heading to radiative forcing > 8.5 W/m2 in 2100). This indicates that annual 
sediment projections for the 3S basin have a much larger response to temperature changes than 
precipitation changes. Other studies have shown that sediment yield can be influenced by 
temperature changes. Harrison (2000) found temperature was exponentially related to the 
erosion rates, and  Syvitski et al. (2003) indicated there was a negative relationship between 
temperature and sediment load in a tropical zone. Increased temperature may increase the soil 
erosion rate and, consequently, increase sediment flux through its influence on vegetation and 
weathering (Li et al., 2011; Zhu et al., 2008). SWAT simulates plant growth based on daily 
accumulated heat units where temperature is a major factor governing the plant growth. 
Increase in temperature may result in water stress, which reduces plant growth and hence 
increases the erosion rate. The decrease in sediment flux may be due to significant influence of 
increased evapotranspiration and crop growth process under warmer climate (Bogaart et al., 
2003). Further, it is also interesting to note that the uncertainty in the sediment load projection 




changes in sediment yields than the corresponding changes in flow. For instance, the annual 
sediment load change for the 3S basin ranges from 4.8 to 50.1% for 2060s while for the flow 
the changes range from -0.6 to 3.1%. A study by Shrestha et al. (2013) has also concluded that 
the impact of climate change on sediment yield can be greater than on flow. Although analysis 
of uncertainty due to LULC change is not included in this study, it is important to note that the 
sediment prediction uncertainty due to the climate signal might be smaller than LULC change 
uncertainty. A comparison of the contributions of climate and LULC change in China by Ma 
et al. (2014) and Dai et al. (2009) for instance, showed that projected LULC change governed 
changes in sediment yield. Hence, it is essential to include uncertainty in LULC change as it 
could help understand the range and major sources of uncertainties for better sediment 
management planning.  
Table 2-8. Minimum and maximum changes in sediment load (Mt/yr) between baseline (1986 




Sediment load change (Mt/yr) 
2030s   2060s 
Sekong 
GCM 
      
1.03, 1.52   1.90, 3.02 
RCP 
      
0.63, 2.05    0.46, 4.86 
MP 
      
1.11, 1.38   2.28, 2.57 
      
Sesan 
GCM 
      
0.14, 0.33   0.28, 0.61 
RCP 
      
0.13, 0.42   0.10, 0.93 
      
MP 
0.15, 0.46   0.36, 0.66 
      
Srepok 
GCM 
      
-0.06, 0.11   -0.09, 0.22 
      
RCP 
0.02, 0.05   0.02, 0.15 
      
MP 
-0.08, 0.11   -0.04, 0.15 
      
Note: Color coding represents the descending ranking of all sources of uncertainty for each variable as follow:  





This study investigated the uncertainty in flow and sediment projections from climate change 
for the 3S basin using SWAT. Three sources of uncertainty were evaluated: GCMs, RCPs, and 
model parameterization. The analysis of climate change projections results showed that all of 
the GCMs and RCPs suggest an increase in seasonal and annual temperature across the 3S 
basin, with similar variability in shifts for the Sekong, Sesan and Srepok subbasins for the 
2030s and 2060s. In contrast to temperature, projected changes in precipitation are bidirectional 
and vary depending on the GCM, time horizon, season, and subbasin. GCM is the major 
contributor to uncertainty in dry season precipitation projections, whereas uncertainty related 
to RCP is large for wet/annual precipitation and temperature across the 3S basin. 
A major finding of this study is that the dominant sources of uncertainty in flow and sediment 
constituents vary temporally, and that results are scale dependent (basin or subbasin scale). 
Model parameters and GCMs are the two major contributors to the uncertainty in low flow 
projections, whereas RCPs had less of an effect. Model parameterization is the major 
contributing source of uncertainty for wet seasonal flow projections in the short term (2030s), 
whereas uncertainty due to GCMs dominates for seasonal and annual flow projections in the 
longer term (2060s). Although the uncertainty due to RCPs is large for the peak and annual 
sediment load projections, model parameterization uncertainty can play a significant role in 
uncertainty of the sediment projections for the 2030s period. The results also suggest that there 
is more uncertainty in sediment loads than flow projections.  
In general, the study highlights that it is essential to investigate the major contributing sources 
of uncertainty in large basins over time and at different scales, as this can have important 
consequences for decision making on flow and sediment management as part of adaptation to 
climate change implications. Careful investigation of sources of uncertainty is an important 
step for decision making as it helps to improve characterization of uncertainties and avoid an 
over-confident portrayal of climate change impacts (Mendoza et al., 2014). Decision making 
under climate change should be based on assessments of risk of potential outcomes rather than 
traditional norm-based probability assessments (Juston et al., 2013). Overall, there are two 
major practical uses of uncertainty assessments: (1) through uncertainty analysis more reliable 
and robust predictions are produced (Addor et al., 2014) and (2) risk will be better 
communicated, which can be essential in gaining and retaining the trust of the public (Juston 




on sediment yield is expected to be greater than on flow.  Further, since model parameterization 
uncertainty can be significant for flow and sediment projections, there is a need to incorporate 
parameter uncertainty in climate change studies and efforts to reduce the parameter uncertainty 
as much as possible should be considered through a careful calibration and validation. Land 
use/land cover (LULC) could also be an important influence in model projections, and Chapter 
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Abstract 
Quantitative understanding of potential changes in streamflow and sediment load is 
complicated by uncertainty related to land use/ land cover (LULC) change projections which 
is characterized by a high uncertainty in terms of demand (quantity) and location of changes 
(spatial distribution). The Sesan, Srepok, and Sekong Rivers (3S), the most important 
tributaries of the lower Mekong River, was simulated with the Soil and Water Assessment Tool 
(SWAT) to investigate the implications of conversion of forest to agricultural lands.  Multiple 
LULC transitions in the 3S basin are projected using the Land Change Modeler. The 
uncertainty in LULC projection was addressed using an ensemble forecasting approach for 
2060 combining: (1) three land demand scenarios, (2) two transition potential modeling 
approaches (i.e., approach to create maps of the likelihood for areas to transition from one 
LULC type to another) and (3) retaining or not protected areas. Land demand leads to the 
greatest uncertainty in LULC change projections. Transition potential modeling approaches do 
not make much difference in the total change, but can result in spatial variations of change. 
Retaining protected areas can contribute significantly to uncertainty in LULC change 
projections. Decrease in annual streamflow of the 3S basin varied from 3 to 21 % and changes 
in annual sediment outflux from the basin ranged from -8 to 249% for simulated scenarios. 
LULC demand uncertainty results in the highest streamflow and sediment load changes and 
can thus have major consequences for water and sediment management strategies in areas 
undergoing rapid development.  
Introduction 
Land use/ land cover (LULC) transition is a major driver of global environmental change with 
serious implications for greenhouse gas emissions and the hydrological cycle (Turner et al., 
2007). At the catchment level, effects of LULC change include variations in vegetation 
stomatal conductance, surface roughness, hydraulic connectivity, and several soils’ properties 




These alterations are important to the hydrologic cycle and have particular implications for  
water quality, sediment production, transport and delivery to rivers (Braud et al., 2001; Rey, 
2003). Land use/ land cover (LULC) change can lead to deterioration in the physical and 
chemical properties of soils, which may contribute to soil erosion, reduction of soil fertility and 
land degradation (Khresat et al., 2008).  
Numerous projection models have been used to analyse the causes and consequences of LULC 
change in order to support planning and policy (Verburg et al., 2004). LULC change models 
can be static or dynamic, spatial or non-spatial (i.e., exploring patterns of change versus rates 
of change), inductive or deductive (i.e., with model parameters based on statistical correlations 
versus explicit descriptions of the process), agent-based or pattern based (i.e., emulation of 
individual decision makers versus inference of underlying behaviours from the observation 
patterns in the LULC change; (Mas et al., 2014). A detailed review of different types of models 
were provided by Agarwal et al. (2001), Briassoulis (2000) and Verburg et al. (2004). Despite 
the diversity of LULC change models, most are based on the partition between the land demand 
calculation (the magnitude or quantity of change) and the land allocation (the spatial 
distribution of change, including the transition potential calculation (Dalla-Nora et al., 2014 ). 
In both cases, these projections are computed based on a number of driving factors, a portion 
of which are related to land demand calculations, and others related only to land allocation. 
Certain driving factors (for example the remaining or not of existing protected areas) can be 
important for both the demand calculation and the allocation process.  
Quantifying the impact of LULC change over time on streamflow and sediment is challenging 
and often not well understood; however, model-based projections of future LULC change are 
often used in evaluating the impacts over time. Despite significant improvement in LULC 
change models, projections of LULC change remain rather uncertain. The limited availability 
of historical information reduces the potential to calibrate LULC change models. Even in the 
case when successful calibration is achieved, using it both for diagnostic and prognostic 
studies, the reliability of future simulations is not guaranteed.   Hence, rather than relying on a 
single or case-specific simulation, using the same model with different assumptions (i.e., 
different inputs/parameterisations) will provide multiple results (Santini and Valentini, 2011) 
and  allow consideration of a wide array of possible changes and their implied uncertainties 
(Araújo and New, 2007). Uncertainty in LULC change model projections is a function of their 




the model's ability to predict changes, but also provides information about which 
inputs/parameterisations lead to the greatest uncertainty (Smith and Heath, 2001). Without 
assessing uncertainty, it will be difficult for policy makers and resource managers to use model 
results for developing more effective LULC policies and management programs (Ogle et al., 
2003). Although uncertainty in LULC change could play a major role in hydrological 
alterations variability, it is often overlooked. A few studies have analysed the uncertainty in 
LULC change by multiple initial conditions, boundary conditions, parameters, input data and 
models  (e.g. Santini and Valentini, 2011; Prestele et al., 2016). However, these studies 
excluded implications on hydrology. There is a clear need for improved understanding of the 
implication of LULC change uncertainty on the estimation of streamflow and sediment loads. 
This chapter aims to investigate the implication of uncertainty in LULC change projections on 
streamflow and sediment projections. This chapter only considers uncertainty in LULC change 
out of four important uncertainty sources (i.e., model parameters, global climate models, 
representative concentration pathways and LULC change) considered for the study because 
there is a need to disentangle and evaluate in detail the implication of uncertainty in LULC 
change for flow and sediment prediction for better characterization of the dominant uncertainty 
source. Further the disentangled assessment also facilities identification of major source of 
uncertainty in LULC change projections and selection of LULC change scenarios that captures 
maximum range of uncertainty. We use the Sesan, Srepok, and Sekong Rivers (3S) – the most 
important tributaries of the lower Mekong River – as the case study, but lessons learnt from 
this research can be useful globally. 
Methodology 
Site Description 
The 3S basin, which contains the Sekong, Sesan and Srepok subbasins, is located in the Lower 
Mekong region in Southeast Asia (Figure 3-1). The region that includes the 3S basin (the Lower 
Mekong Basin) is experiencing accelerated LULC transition because of rapid changes in its 
economy, society, and environment. Based on the 2003 LULC map, the basin was dominated 
by forest (77%). Readers are referred to the Appendix 3-1 for details on LULC with original 
LULC class and corresponding simplified category of the study area (Figure S3-1 and Table 





Figure 3-1. Location of the study area with 2003 LULC (simplified class) and river 
monitoring sites (Source: MRC, 2010).  
Major LULC transitions include deforestation of native rainforest, expansion of agricultural 
and urban areas, and expansion of commercial plantation such as rubber trees and oil palms 
(Takamatsu et al., 2014). Apart from LULC change, hydropower development is progressing 
rapidly in the 3S basin, particularly in Vietnam and Lao PDR as a result of economic growth 




tied to agro-industrial expansion because reservoirs provide opportunities for large scale 
irrigation and mining as lower-cost electricity becomes available. Hydropower construction 
typically provides road access as well. As a result, forested catchments and reserved natural 
areas in the 3S basin are threatened. The details on basin characteristics, meteorology and major 
soil are presented in methods section of Chapter 2. 
Land use/ land cover data 
SWAT, and most other watershed-scale hydrological models, does not incorporate interannual 
dynamism in LULC. That is, a fixed LULC map is maintained throughout the simulation, 
which is a limitation of the model (and most other catchment models). Often this limitation is 
dealt with parameter calibration. SWAT model study by Wang et al. (2018) found 
inconsiderable effect of non-stationary LULC inputs on model performance for flow 
simulation. However, for sediment the stationarity of LULC dynamism could affect the model 
performance, which should be studied in more detail. Although the 3S SWAT model was 
calibrated using 2003 information, LULC maps for the years 1993, 1997 and 2010, developed 
by the Mekong River Commission (MRC), were used as the baseline map in three other 
simulations to analyze historic changes and to create future LULC change scenarios. Since the 
2010 map used different categories from the 1993 and 1997 maps, the original categories were 
simplified into five major categories to make best use of all three LULC data sets: Agriculture, 
Forest, Grass, Urban, and Others (Table 3-1). The maps for 1993 and 1997 were interpreted 
and delineated manually from complete coverage of Landsat Thematic Mapper (TM) images 
(Stibig, 1997), and the 2010 data were classified from these same satellite images by National 
line agencies (MRC in Cambodia, Lao and Vietnam).  
Land use/ land cover change modelling 
The Land Change Modeler (LCM;(Eastman, 2009) was used to project multiple LULC 
transitions for the 3S basin (Figure 3-2). LCM has been used and validated in multiple case 
studies and has proven to be capable of simulating LULC dynamics in tropical regions 
(Sangermano et al., 2012), mountainous regions (Rodríguez Eraso et al., 2013), and Southeast 
Asia (Fuller et al., 2011). Further, the model offers multiple approaches to transition potential 
modeling and has a user friendly platform (Mas et al., 2014). Theoretical description of the 






Table 3-1. Simplified LULC classes. 
MRC Original Category Simplified 
category 1993 and 1997 2010 
Plantations forest; Cropping mosaic, cropping 
area >30%; Agricultural land 
Shifting cultivation; paddy 
field; annual crop; industrial 
plantation; orchard; forest 
plantation 
Agriculture 
Evergreen, high cover density forest; evergreen, 
medium-low cover forest density; evergreen 
mosaic forest; mixed, high cover density forest; 
mixed medium-low cover density forest; mixed 
mosaic forest; deciduous forest; deciduous 
mosaic forest; regrowth forest; woo-and shrub 
land, evergreen; bamboo; cropping mosaic, 
cropping area<30% 
Deciduous forest; evergreen 
forest; bamboo forest; flooded 
forest; coniferous forest 
Forest 
Grassland; wood-and shrub land, dry Grassland; shrub land Grass 
Urban or built-over area Urban area Urban 
Barren land; 
water; other 
Barren land; water; clouds; 
wetland; other 





Figure 3-2. Methodological framework for evaluating the impact of LULC change uncertainty 
on streamflow and sediment. 
Uncertainty in land use/ land cover change 
The uncertainty in LULC change was addressed in this study using an ensemble forecasting 
approach as suggested by Santini and Valentini (2011). This approach is commonly used in 
meteorology and climatology to quantify the predictive uncertainty of weather forecasts and 
climate change simulations (Murphy et al., 2004) and impact studies (Bormann et al., 2009; 
Breuer et al., 2009; Huisman et al., 2009) by using different initial conditions, boundary 




several alternative views of the future  in an ensemble study will not necessarily contain the 
most likely prospects, but offers the range of possible changes (Koomen et al., 2008). For this 
study, an ensemble forecasting of likely future LULC change was conducted combining three 
different model configurations/inputs: 
a) Three LULC demand scenarios based on the historic trends during the (1) 1993–1997, 
(2) 1993–2010 and (3) 1997–2010 periods: The future land demands were estimated 
through simple extrapolations of past trends of the three different historic periods.  Each 
historic period gave a different projected quantity of change. Based on past historical 
trend analysis the annual rate of change for major LULC class (i.e., forest and 
agriculture) is lowest for the period 1993–1997(-0.2% for forest and 2.6% for 
agriculture), followed by 1993–2010 (-0.9% for forest and 5.8% for agriculture) and 
the period 1997–2010 (-1.1% for forest and 6.2% for agriculture). Hence, these three 
scenarios were defined as low, medium and high LULC demand, respectively. 
b) Two transition potential modeling approaches: (1) logistic regression (LR), and (2) a 
similarity-weighted instance-based machine learning tool (SimWeight; SW). LR uses 
logistic regression to calculate relationships between LULC change and drivers. 
SimWeight models transitions without the necessity of understanding the relationship 
between drivers and change. It models transitions through a modified machine learning 
procedure (See Appendix 3-1 for details).   
c) Constraints on and off: Using (or not) protected areas to constrain the LULC allocation. 
The data for protected areas in the study basin were obtained from MRC.  
These combinations lead to 12 different LULC change simulations starting from the baseline 
LULC distribution (Table 3-2). LULC change up to 2060 was simulated to observe a non-
trivial change in land cover, with measurable effects added to uncertainty in water and sediment 
flow projections. Future LULC change data were generated using nine transitions, namely: 
forest to agriculture, forest to grass, forest to others, agriculture to forest, agriculture to grass, 
agriculture to others, grass to forest, grass to agriculture and grass to others (See Appendix 3-





















No LR_B1 1993–2010 
LR_C1 1997–2010 
LR_A2 1993–1997 





No SW_B1 1993–2010 
SW_C1 1997–2010 
SW_A2 1993–1997 
Yes SW_B2 1993–2010  
SW_C2 1997–2010 
 
The LCM generated future LULC maps with simplified class (as presented in Table 3-1) was 
transformed to original LULC class for hydrological and sediment modelling as presented in 
Figure 3-3. The LULC for 2003 with original LULC class was simplified into five classes. The 
simplified LULC for 2003 was then compared with future LULC for 2060 forecasted using 
LCM. The cell where change happened was reclassified back to the original LULC class. For 
example, if a cell with class 1 changed to class 2, then it was reclassified back to its 





Figure 3-3. Process flow used to transform future LULC with simplified class to original 
LULC class. 
Hydrological and sediment modeling  
The Soil and Water Assessment Tool (SWAT;(Arnold et al., 1998; Srinivasan et al., 1998), 
was used for simulating streamflows and sediment in the 3S basin because SWAT is used by 
MRC as part of their modeling Toolbox (MRC, 2010), and the performance of the 3S-specific 
application has been well investigated (e.g.Shrestha et al., 2016; Oeurng et al., 2016). The 
theoretical description of SWAT is provided in the Appendix 2-1. All model input data (for 
example meteorological, spatial) were provided by MRC. The management data for various 
LULC classes used in this study were also provided by MRC (including local forests). MRC 




for some classes (for instance, agricultural intensive land) SWAT default values were used. 
Readers are referred to the Appendix 3-1 (Table S3-5) for details on the management data used. 
Model calibration, validation and performance evaluation 
The 3S SWAT model was calibrated for daily flow and monthly sediment load at various 
locations with observed data. The validation was only carried out for daily flow. The details on 
model calibration and validation process are presented in methodology section of Chapter 2. It 
is to be noted that for this chapter the 3S SWAT model which was calibrated for Nash-Sutcliffe 
efficiency (NS) objective function is used because of its wider use (Gupta et al., 2009; Moriasi 
et al., 2007) and its better performance in reflecting the overall fit of a hydrograph (Servat and 
Dezetter, 1991). Details of the parameters calibrated and their fitted ranges are provided in 
Appendix 3-1 (Table S3-6). The calibrated parameter values given in this study may not 
necessarily represent the uniquely best parameter combination because a good model 
simulation can be achieved using various combinations of the model parameters. This issue is 
well known in hydrology and often termed as equifinality or non-uniqueness of the parameters 
(Beven, 2001). The calibrated models were evaluated by comparing the simulated with the 
observed constituents using the NS, Coefficient of Determination (R2) and percent bias 
(PBIAS) (refer to Table 2-5 and Table 2-6 in Chapter 2). The prediction efficiency of a 
calibrated model can often be judged as satisfactory if NS and R2 values are > 0.6 for mean 
behavior (Santhi et al., 2001; Benaman et al., 2005; Setegn et al., 2010); however, this 
threshold, is rather subjective and should be used with caution and with consideration of the 
model’s objective variable (Oeurng et al., 2016). A PBIAS value <15% has been considered a 
satisfactory performance rating of a calibrated model (Santhi et al., 2001; Van Liew et al., 
2007). Comparisons between observed and simulated streamflows and sediment load show an 
overall good agreement in seasonal patterns, with some discrepancies in peak events and 
interannual variability (Figure 3-4 and Figure 3-5). Further details on model performance are 






Figure 3-4. Observed (OBS) and simulated (SIM) discharge for six gauging stations within 





Figure 3-5. Observed (OBS) and simulated (SIM) sediment load for three gauging stations 
within the 3S basin for the calibration period.  
Uncertainty analysis  
The calibrated 3S SWAT model was run with projected future LULC maps to evaluate the 
impact of uncertainty in LULC change on streamflows and sediment. The 3S SWAT model 
was calibrated using LULC for 2003 with the original classes; hence, before the model 
simulation, the future LULC with simplified categories were transformed back to 
representative 2003 LULC classes (see details in Appendix 3-1).  Although the analysis of 
LULC change between 1993 and 2010 shows that the LULC in the catchment was not stable, 
2003 LULC was used for the baseline hydrological simulations, as if no LULC change occurred 
throughout a single given simulation. The mean streamflow and sediment projections under 
different LULC change scenarios for the 2060s period (2051–2070) were compared with the 
baseline period (1986–2005). The ranges of difference between the future hydrologic 
projections resulting from different scenarios as compared to the baseline is referred to as 
uncertainty due to LULC change.  
Results and Discussion  
Uncertainty in land use/ land cover projection 
The magnitude of projected change in LULC varies drastically, depending on the configuration 
of the different scenarios (Figure 3-6 and Figure 3-7).  For instance, based on the simulated 
future LULC maps, by 2060 the area covered by forest is expected to decrease 9–53% while 
the agricultural area (which is characterized as intensive by MRC) is projected to increase 12–
44% (Figure 3-7). The largest change in area as well as the largest variation in transition was 
from forest to agriculture, with area change ranging from 11,400 to 35,000 km2 (Figure 3-8). 




of agricultural areas by replacing forests and grasslands (Ty et al., 2012; Takamatsu et al., 
2014).  
The analysis of LULC change showed that land demand is the major source of uncertainty. For 
example, under the LR modelling approach the highest range of change in forest was observed 
between LR_A1 (a non-constraint scenario based on low LULC demand) and LR_C1 (a non-
constraint scenario based on high LULC demand) (Figure 3-7). The decrease in forest area 
varied from almost 9 to 53%.  The land demand calculation is one of the most critical and 
uncertain aspects of LULC modelling (Dalla-Nora et al., 2014 ). Further, the results suggest 
that modelling approaches do not make much difference in the total area covered by each 
LULC category, but can result in spatial variations of change. For instance, the LR_C1 scenario 
forecasted the forest coverage to decrease to 36% and 29% for the Sekong and Sesan subbasins 
respectively, while the SW model approach forecasted the forest coverage to decrease to 33% 
for both subbasins (Table 3-3).  
The difference in range of transition area between the baseline (2003) and future (2060) LULC 
information for all nine transitions between modellings approaches (LR and SW) was not large 
(Figure 3-8). The location (spatial distribution) of change was different between modelling 
approaches (LR and SW) because it was based on the change/transition potential or suitability 
maps (see details on spatial variability of changes in the Appendix 3-1 Table S3-7). A similar 
situation was observed by Mas et al. (2014) in a study where various LULC change models 
were compared for a virtual case study. The LR and SW very different approaches to produce 
the change/transition potential. One of the major differences between these two methods is that 
in LR an empirical formulation for the relationship between land change and drivers is needed 
in order to generate change/transition potential, while SW produces change/transition potential 
maps through a modified machine learning procedure without an empirical formulation. It is 
also interesting to note that retaining (or not) protected areas to constrain the LULC allocation 
can also contribute significantly to uncertainty in LULC change projections. For instance, 
under SW_C1 (non-constraint scenario) the forest cover decreased to 29%, while for SW_C2 
(constraint scenario) the forest cover decreased to 52% only (Figure 3-7). Constraints are 





Figure 3-6. LULC change projections for 2060 based on different scenarios outlined in Table 
3-2. The gridded areas are protected areas within the basin. 
 
 






Figure 3-8. Range of transition area between the baseline LULC (2003) and future LULC 
(2060) for nine different transitions and two transition potential models.   
Hydrological implications of uncertainty in land use/ land cover projection 
Streamflow  
All scenarios showed a decrease in annual and peak 3S basin outlet streamflow varying from 
3–22 % and 3–9% respectively (Table 3-3). The monthly streamflow decrease ranges from less 
than 1 to almost 1450 m3/s (Figure 3-9). The result suggests that the decrease in streamflow 
will be more significant for the wet season (May to October) than the dry season. Streamflow 
reduction can be attributed to the factors that result in increased evapotranspiration due to 
conversion of forest to intensive agriculture. The results suggest an increase in annual 
evapotranspiration rate of 6–59% compared to the current baseline (Table 3-3). Streamflow is 
the net result of the difference between effective rainfall and evapotranspiration; thus, an 
increase in evapotranspiration could lead to significant reductions on surface runoff and 
groundwater recharge (Calder, 1993). SWAT uses the Soil Conservation Service (SCS) curve 
number method, which relates the amount of net surface runoff volume to the degree of surface 
permeability, LULC and antecedent soil water conditions (USDA-SCS, 1972); hence, changes 
in curve number cause a direct change in streamflow. As per the MRC database for crops used 
in SWAT modeling, the curve number (CN) assigned to intensive agriculture is lower than that 
of major forest LULC class. The forest cover in the 3S basin is comprised mainly of deciduous 




agriculture ranged from 31 to 79 based on hydrologic soil group. For deciduous forest CN 
ranged from 45 to 83. For details on CN values readers are referred to Table S3-1 of the 
Appendix 3-1.   Hence, conversion of forest to intensive agriculture with lower CN decreased 
the surface runoff and increased the amount of water lost to infiltration. The result suggests 
that the fraction of runoff from forest is 17% of the total water yield, while under agriculture it 
is 14%. Baseflow is higher under forest, than under agriculture while evapotranspiration is 
higher under agriculture than under forest. A study by Ty et al. (2012) of the Srepok subbasin 
also indicated that doubling the current area of intensive agriculture may lead to increased water 
stress in the subbasin by more than 100% by 2050. Small-scale (<1 km2) studies have generally 
indicated that clearing forest for agriculture leads to an increase in water yield in temperate, 
humid and dry tropical areas. However, studies that evaluated the effects of changes in land 
cover in larger river basins (>1000km2) generally have not found similar relationships  (e.g. 
Wilk et al., 2001; Bruijnzeel, 1990) because larger river basins tend to include a diversity of 
land-uses and practices, geology, topography, soils and climate which will moderate the 
hydrological response of the basin. The modelling results showed that replacing forest by 
intensive agriculture could reduce streamflow, which suggest that different crops and 
management methods can play a big role in flow discharge differences between regions. Recent 
studies have shown that the influence of deforestation on runoff is strongly dependent on the 
crop type (Yu et al., 2015), and the way the vegetation cover is managed controls streamflow 
more than land cover (i.e. theoretical evapotranspiration characteristics of the vegetation) 
(Lacombe et al., 2016). In the Lower Mekong Basin, commercial crop agriculture is expanding 
and replacing subsistence rice-based systems in upland and low elevation zones (ICEM, 2013).  
Maize, cassava, sugarcane and soya are the main commercial crops cultivated, in addition to 
rice.  In this study, it is assumed that maize and cassava will be the main crop farmed intensively 
in the 3S basin. Research on impacts of various cropping systems and soil types on runoff and 
shallow groundwater in the U.S. Midwest showed that water use by row crops like maize can 












Figure 3-9. (a) Annual streamflow and sediment load cycle for the baseline period (1986 – 
2005) and the range of all LULC change scenarios and (b) range of relative changes in future 
(2060s period) monthly outlet streamflows and sediment loads from the 3S basin for all LULC 




Table 3-3. LULC change scenarios and resulting changes in annual evapotranspiration (ET), outlet streamflows and sediment loads 
relative to baseline (1986–2005).  
LULC 
Scenario 
Major LULC class coverage (%)   Change (%) 
Forest Agriculture 
ET 
Stream flow Sediment load 
Sekong Sesan Srepok 3S Sekong Sesan Srepok 3S Annual Peak Annual  Peak 
LR_A1 69 73 75 72 30 24 21 25 9 -4 -7 26 41 
LR_B1 42 38 29 36 53 51 48 51 52 -19 -8 154 169 
LR_C1 36 29 22 29 58 55 53 55 59 -22 -9 207 212 
LR_A2 76 67 74 73 23 30 22 24 7 -3 -7 -8 16 
LR_B2 62 43 49 52 32 45 33 36 35 -12 -6 48 75 
LR_C2 61 43 49 52 34 46 34 37 36 -12 -6 50 89 
SW_A1 76 68 69 71 23 30 28 27 7 -4 -4 69 102 
SW_B1 39 41 34 38 54 41 54 51 47 -18 -8 218 310 
SW_C1 33 33 22 29 58 44 62 56 58 -21 -7 249 339 
SW_A2 79 66 69 72 19 32 28 26 6 -3 -3 18 62 
SW_B2 61 46 51 53 33 33 37 34 34 -11 -7 71 165 




The variation in simulated streamflow between various LULC change scenarios used in this 
study is significant, which indicates a high degree of uncertainty in the magnitude of 
streamflow changes due to LULC change (Table 3-3 and Figure 3-9). The high variability in 
streamflow changes was mainly due to larger uncertainties that exist in future LULC forecast 
mainly due to LULC demand. The scenario with the lowest land demand (1993–1997) or forest 
to agriculture transition (e.g. LR_A2) resulted to lower rate of streamflow changes while the 
scenario with the highest land demand (1997–2010) or forest to agriculture transition (e.g. 
LR_C1) resulted to higher rate of streamflow changes. There was not much difference in 
streamflow changes between two transitions modeling approaches (LR and SW). Overall, what 
it most clear about the implications of LULC change uncertainty on streamflows is that even 
the direction of change is highly variable, and that LULC derived parameters in hydrological 
models also play a major role. 
Sediment load 
The annual sediment load change ranges from an 8% decrease to a 249% increase, depending 
upon LULC change scenarios (Table 3-3). All scenarios showed an increase in peak sediment 
load varying from 16–339 %. The monthly changes in sediment load range from -0.3 to 10.4 
Mt (Figure 3-9). Most simulations show that the sediment load is likely to increase in the future 
due to conversion of forest to intensive agriculture. Deforestation and an increase in 
agricultural land typically leads to higher soil erosion and subsequent increase in river sediment 
transport (Walling, 1999). LULC transitions towards agriculture increase sediment loads 
usually due to lower vegetation cover, either permanently or during critical soil mobilization 
periods (tillage). LULC change led to higher sediment loads than the corresponding changes 
in streamflows. Increased sediment load can have great implications for water resources 
management, including reservoir siltation and related loss of water storage and hydropower 
capacity (Arias et al., 2011), as well as loss of conveyance capacity and increased turbidity of 
rivers (Walling, 2008). Increased sediment load can also affect water quality due to sediment-
bound nutrients. The variation in simulated sediment load among LULC change scenarios is 
significant which indicates high uncertainty in the magnitude of sediment load change due to 
LULC change. Although the high variability in sediment load changes can be mainly attributed 
to large uncertainties in future LULC forecast due to simulated demands, uncertainties in 
transition modeling approaches also contribute significantly to this variability. The range of 
sediment load changes between the scenario with the lowest land demand or forest to 




transition was -8 to 207% and 18 to 249% for LR and SW, respectively (Table 3-3). This 
difference in range of change between transition modeling approaches is mainly due to the 
spatial variability of LULC changes as discussed earlier. This is also clearly indicated by the 
variation in the spatial distribution of annual average sediment yield from the studied basin 
among the LULC changes scenarios (Figure 3-10).  
 
Figure 3-10. Average annual sediment yields (t/ha/yr) from various 3S subbasins for baseline 
(1986-2005) and future (2060s period) for various LULC change scenarios. 
It is interesting to note that the Sekong river sediment yields increase although large areas of 
forest remain in all scenarios. On the other hand, large LULC conversions in the Srepok and 
Sesan result in small increased yields. This variability in sediment yields is due to sensitivity 
of basin sediment yield to variability in climate, topography, catchment morphology, soil type, 
and drainage/hydrological model parameters used to capture the erosion and deposition of 
eroded soil particles in the basin. Soil erosion is not only sensitive to LULC but also other 
factors such as slope. Basins with higher elevations and steeper terrain slopes contribute greater 
sediment yields than basins in lowlands. In the 3S, subbasins with agriculture LULC class, 
acrisols soil and higher elevation produced the highest sediment yields. The Sekong has a 
number of highland subbasins where the combination of steep terrain and large rainfall 




uncertainty in the sediment load projection is larger than the uncertainty in the streamflow 
projections, which is due to higher sensitivity of sediment prediction parameters to LULC 
change.  
Despite the considerable variability in streamflow and sediment load due to uncertainty in 
LULC change projections, the results show that future LULC could have significant effects on 
streamflow and sediment load of the 3S basin. Hence, there is a need for soil and water 
management for the 3S Rivers. Moreover, some of the results show very large increase in 
erosion yields (up to 250 %), which should raise the concern of hydropower developers as the 
design, operation and reservoir sedimentation of future dams would need to be reassessed. 
There is thus a need to investigate appropriate reservoir sediment management strategies to 
reduce the adverse effects of LULC change. Further, it is imperative that planners and decision-
makers take the uncertainty in LULC change into account in the design of reservoir dams that 
have been planned.  
Analysis of uncertainty due to model parametrization, climate models, emission scenarios and 
agricultural management was not included in this study. It is important to note that uncertainty 
in parameters characterizing different LULC might lead to uncertainty in model predictions of 
LULC change effects (Eckhardt et al., 2003). A recent study by Prestele et al. (2016) suggested 
that both initial data and model parameters can contribute substantially to the uncertainty in 
LULC change projections. There are several studies which suggests that the sediment 
prediction uncertainty due to the climate signal might be smaller than LULC change 
uncertainty. For instance, a study by Rodriguez-Lloveras et al. (2016) concluded that LULC 
change are the most critical factor affecting the erosion and sediment production, even more 
so than climate change emission scenarios or peak flow interval. Similarly, a comparison of 
the contributions of climate and LULC change in China by Ma et al. (2014) and Dai et al. 
(2009), showed that projected LULC change governed changes in sediment yield. However, 
changes in temperature and precipitation can alter the pattern of the system response to LULC 
change (Bussi et al., 2016). Furthermore, agricultural management can significantly impact 
streamflow and more specifically sediment losses.  Hence, it is essential to include uncertainty 
due to model parameterization, climate models, emission scenarios and agricultural 
management in addition to uncertainty in LULC change as it could help understand the range 
and major sources of uncertainties for better sediment management planning. Johnston and 




more realistic assessment of the degree of confidence in using results for policy and 
management.   
Conclusions 
In this study, the implication of uncertainty in LULC change on streamflow and sediment 
projections of the 3S basin was evaluated. The uncertainty in LULC change was addressed 
using an ensemble forecasting approach where three model approaches/inputs were combined 
consisting of land demand scenarios, transition potential modeling approaches, and constraints 
(or not) on protected areas.  LULC demand induces large uncertainties in future LULC 
forecasting, hence, care should be taken when choosing LULC demand scenarios for projecting 
future LULC.  Modeling approaches do not make much difference in the total change, but can 
result in spatial variations of change. Constraining the LULC allocation can also contribute 
significantly to uncertainty in LULC change projections as it influences both the future LULC 
demands and location of change. The considerable variability in streamflow and sediment load 
changes was attributed to large uncertainty in LULC projections, driven primarily by LULC 
demand. In general, the range of outcomes in sediment load projections was larger than in 
streamflow projections. This emphasizes a need to incorporate uncertainty in LULC change 
for decision making on water and sediment management strategies in areas undergoing rapid 
development. The 3S basin modelling results showed that deforestation by expansion of 
intensive agriculture could result in reduced streamflow, suggesting that appropriate 
parametrization of LULC characteristics in hydrological models needs to be carefully 
considered when using this approach in other tropical regions/areas undergoing rapid 
development. The results were limited to uncertainty in LULC change projections because it is 
the key driver of uncertainty, but combining uncertainty due to climate models, emission 
scenarios and hydrological model parameters could add additional value to understanding the 
range and major source of uncertainty for better water and sediment management planning, 







Chapter 4  
 
Flow and sediment projection uncertainty in basins dominated by land use/land cover 
conversions under climate change 
Abstract 
Climate change impact studies on future flow and sediment often do not take into account 
uncertainty in land use/land cover (LULC) change. In this chapter flow and sediment projection 
uncertainty was evaluated combining three LULC change scenarios along with three Global 
Climate Models (GCM), three Representative Concentration Pathways (RCP) and three Model 
Parameters (MP) for the rapidly developing 3S (Sekong, Sesan and Srepok) basin, in Southeast 
Asia. The Soil and Water Assessment Tool model was used for flow and sediment modelling, 
and uncertainty was analyzed for the 2060s (2051-2070) time horizon. Overall, study results 
show that choice of LULC change scenarios is the primary uncertainty source for flow and 
sediment projection. However, for flow peak and 95% low flows the major uncertainty (LULC, 
GCM, RCP, or MP) source varies with space, but overall, the choice of GCM and RCP was 
found to yield more uncertainty for flow extremes.  Results from this study highlight that for a 
basin undergoing LULC conversion, hydrological response of the basin can be even more 
receptive to LULC changes than climate. Hence, it is necessary to combine LULC uncertainty 
with other important sources of uncertainty as it can change the portrayal of climate change 
implications on basin hydrology. Further, it can also help improve the understanding of 
combined effects for improving flow and sediment management plans.  
Introduction 
Human induced global warming can have a significant implication on the climate (IPCC, 
2013). The changes in climate could significantly affect streamflow (Chen et al., 2019; 
Dierauer et al., 2018), soil erosion  (Li and Fang, 2016) and sediment flux (Dahl et al., 2018; 
Samaras and Koutitas, 2014). However, quantifying changes in hydrology under probable 
climate change scenarios is a complex issue because of uncertainty in projection of future 
climate (Minville et al., 2008). The uncertainty in future climate can be due to differences in 
choice of General Circulation Models (GCM), representative concentration pathway (RCP) 
and downscaling methods (Gao et al., 2019). The uncertainty in hydrological model used (Jiang 
et al., 2007) and land use/land cover (LULC) change further complicates the quantitative 




There are numerous studies investigating uncertainty of climate change impacts on flows. 
Some of these have found that GCMs are primary sources of uncertainty (Gao et al., 2019; 
Joseph et al., 2018; Addor et al., 2014; Thompson et al., 2013). Vetter et al. (2015), for instance, 
assessed multi-modal climate impact on future discharge of three river basins combining five 
GCMs, four RCPs and three hydrological models. This study found GCM to be the largest 
uncertainty source for the Niger River (Africa), but results were not as clear for the Upper 
Yellow Basin (China) and the Rhine Basin (Europe). Others have demonstrated that the 
emissions scenarios (Maurer, 2007),  downscaling method (Chen et al., 2011a; Teutschbein et 
al., 2011), hydrologic model structures (Troin et al., 2018; Mockler et al., 2016; Poulin et al., 
2011) and parameter uncertainty (Mendoza et al., 2015) are dominant sources of uncertainty. 
Overall, while there has been consistent progress in the literature on hydrological uncertainty 
with regards to climate, the interplay of this major driver with land surface processes is still 
understudied.    
LULC change uncertainty is usually not considered and rarely investigated in the hydrological 
implication of climate change (Bennett et al., 2012; Surfleet and Tullos, 2013). Only a few 
climate change studies have also included uncertainties associated with LULC change. For 
example, Feddema et al. (2005) and Karlsson et al. (2016) evaluated the hydrological 
implication of climate signals using various sources of uncertainties (i.e. hydrological models, 
climate models, and LULC change) and demonstrated that uncertainty in LULC change can 
play a major role in predicting uncertainty for the future. The quantification of uncertainty in 
flow combining LULC change, GCMs, RCPs and model parameters has been previously 
carried out by Jung et al. (2011) and Chawla and Mujumdar (2018). However, little attention 
was given to understanding uncertainty in sediment predictions. For basins undergoing rapid 
development, evaluation of the uncertainty in LULC change along with other important sources 
of uncertainties (i.e. GCMs, RCPs and model parameters) could provide critical understanding 
about the range and dominant source of uncertainty in prediction of flows and sediment which 
is essential for  better water and sediment management planning (Shrestha et al., 2018a).   
This chapter is an expansion of the previous studies (chapters), in which the flow and sediment 
projection uncertainty combining GCMs, RCPs and model parametrization were assessed 
(Chapter 2) (Shrestha et al., 2016) and LULC change alone was assessed (Chapter 3) (Shrestha 




parameterization, and LULC change scenarios were combined and evaluated their implication 
in flow and sediment projection uncertainty of the 3S basin.    
Methodology 
Flow and sediment modeling  
The flow and sediment modeling of the 3S basin was carried out with the Soil and Water 
Assessment Tool (SWAT) model (Arnold et al., 1993a).  SWAT is watershed-scale 
hydrological model (Gassman et al., 2014) capable of simulating flow, sediment, nutrient and 
pesticides loadings from watershed. There has been widespread use of  the SWAT model 
globally by the scientific community, including numerous applications in the Mekong region 
(Mohammed et al., 2018). Readers are referred to Neitsch et al. (2011) for details on physical 
process modelled by SWAT. Meteorological data, elevation, soil distribution and LULC 
distribution are the main inputs to the SWAT model. All the input data for the 3S basin SWAT 
model were obtained from the Mekong River Commission (MRC).  
Model calibration, validation and performance evaluation 
The 3S SWAT model was calibrated in automatic mode, using SWAT-CUP software 
(Abbaspour, 2008),  for daily streamflow (1985 – 2000) and monthly sediment (2005 – 2008) 
and validated for daily flow (2001 – 2007) at various river monitoring sites. The calibration of 
parameters was done within an acceptable and realistic range of values for each parameter. 
Model performance was evaluated using three commonly used statistical parameters, 
Coefficient of Determination (R2), Nash-Sutcliffe efficiency (NS) and percent bias (PBIAS). 
Detail results and discussion on model calibration and validation are presented in Chapter 2 
(Shrestha et al., 2016).  
Uncertainty analysis 
The approach used to assess the uncertainty in GCMs, RCPs and model parameters  is presented 
in detail in Chapter 2 (Shrestha et al., 2016), but a brief description of the method is presented 
here. Figure 4-1 presents the methodological framework for assessing uncertainty. Three 
GCMs (GISS-E2-R-CC, IPSL-CM5-MR and GFDL-CM3) and three RCPs (RCP 2.6, RCP 6.0 
and RCP 8.5), were selected to investigate the uncertainty due to future climate. These were 
selected to capture the maximum possible range of uncertainty in future climate (MRC, 2015). 
The 3S SWAT model was calibrated for three different objective functions: Nash-Sutcliffe 




(RSR) and Mean Square Error (MSE) to generate three different model parameter sets (model 
configurations) for assessing model parameter uncertainty.    
 
Figure 4-1. Methodological framework for assessing uncertainty.  * Note, NS = Nash-Sutcliffe 
efficiency, RSR = Ratio of Standard Deviation of Observations to Root Mean Square Error    
and MSE = Mean Square Error, MP = Model Parameters  
Following an ensemble forecasting approach as suggested by Santini and Valentini (2011),  
twelve likely LULC change scenarios were generated using Land Change Modeler (LCM) 
(Eastman, 2009) by combining two transition potential models (SimWeight (SR) and Logistic 
Regression (LR)), three LULC demands (high, medium and low), and two constrains to LULC 
allocation (the remaining or not protected areas). Further details on the generation of  12  LULC 
scenarios are presented in Chapter 3 (Shrestha et al., 2018a).  Out of 12 scenarios, the three 
scenarios which represented the highest (SW_C1), medium (SW_C2) and lowest (LR_A2) 
changes in LULC class were used to evaluate uncertainty due to LULC projections. These 
scenarios represent a large spread in LULC changes.  Details on three LULC projections used 
in this study are presented in Figure 4-2.  
The three SWAT model configurations were simulated for each GCMs, RCPs and LULC 
change projections (LULCCs) which generated a total of 81 timeseries of flow and sediment 
load for 2060s (2051 – 2070) time horizon (Figure 4-1). Following the approach suggested by 




four sources of uncertainty and then means for each group were estimated and compared with 
the mean flow and sediment estimates for the 1986-2005 period (base period), respectively. 
For example, to evaluate the uncertainty due to LULC change scenarios, for each LULC change 








Figure 4-2. Land use/ land cover (LULC) change projections for the selected scenarios and coverage of major LULC classes by 2060 for the 3S 
Basin (in percent of basin area). SW_C1: scenario generated considering LULC demand based on period 1997 – 2010, SimWeight as transition 
potential model, constraints off; SW_C2: scenario generated considering LULC demand based on period 1997 – 2010, SimWeight as transition 
potential model, constraints on; and LR_A2: scenario generated considering LULC demand based on period 1993 – 1997, Logistic Regression as 




Results and discussion 
Uncertainties in flow projection 
For the 3S basin as a whole, the projected changes showed a general decrease in peak and low 
flows for the 2051 – 2070 period.  The estimated decrease in peak flow (i.e, negative changes) 
ranges from 42 to 90%, and between 78 to 100% for low flow depending on various GCMs, 
RCPs, MPs and LUC scenarios (Figure 4-3). For both peak and low flows, the difference 
between the cumulative distribution functions (CDFs) of LULC change scenarios is the largest 
among sources of uncertainty, which suggest that uncertainty in future peak and low flow is 
dominated by LULC change. Uncertainty in model parameters is least important for peak and 
low flows projections.   
 
Figure 4-3. Plots of cumulative distribution function (CDF) to show the variability in annual 
peak flow and 95% low-flow changes at the outlet of 3S basin for 2060s period due to 
uncertainty in global climate models (GCMs), representative concentration pathways (RCPs), 
model parameters (MPs) and land use/land cover changes (LULCCs). 
Interestingly, results at the subbasin scale show that the changes in peak flows are bidirectional 
and the primary uncertainty source can vary spatially for both peak and low flows (Table 4-1). 
In general, the results suggest that at the subbasin level the peak and low flow projection 
uncertainty as a result of climate signals (GCMs and RCPs) can be larger than the one caused 
by LULC change for some scenarios, which is in agreement with Karlsson et al. (2016). This 
was also suggested by Bussi et al. (2016), who found changes in precipitation and temperature 




 For the Sesan subbasin, the contribution of choice of LULC change scenario is high for 
uncertainty in peak and low flow projection. In contrast, for the Sekong subbasin, RCP 
dominates the uncertainty in peak flow and GCM dominates the uncertainty in low flow, which 
is clearly indicated by the largest absolute difference in peak flow and low flow changes for 
RCP and GCM, respectively.  This spatial variability can be attributed to variability in subbasin 
characteristics (for instances, soil), their hydrological response to climate and LULC changes, 
and variability in model parameter set use to simulate those responses. For basins where 
hydrological processes are more sensitive to temperature changes the choice of RCP can 
dominate the uncertainty in future projections, while GCM dominates the uncertainty for basins 
with hydrology more responsive to precipitation projections (Vetter et al., 2015). LULC change 
can influence watershed hydrology by regulating runoff generation, routing, and 
evapotranspiration (Arias et al., 2018; Wohl et al., 2012; DeFries and Eshleman, 2004). LULC 
change can be a significant driver for basins where LULC-related processes such as 
evapotranspiration and infiltration are more sensitive to hydrological processes than 
precipitation. In hydrological models, simulation of land cover changes is executed with 
parameter modifications (Eckhardt et al., 2003). SWAT has the option of using the Natural 
Resources Conservation Service (NRCS) curve number (CN) method to calculate the direct 
runoff generation. The magnitude of change in direct runoff due to LULC changes is estimated 
by changing the CN parameter. Surface runoff is particularly sensitive to CN, which also 
influences infiltration, baseflow and recharge significantly (Du et al., 2013). Spatial variability 
and uncertainty in land cover related hydrological model parameter(s) such as CN can result in 
uncertainty in hydrological prediction under LULC change (Eckhardt et al., 2003). Further, 
spatial variability in LULC changes can influence the LULC contribution towards uncertainty 
(Chawla and Mujumdar, 2018).  
In general, the results suggest that at the subbasin level the peak and low flow projection 
uncertainty as a result of climate signals (GCMs and RCPs) can be larger than the one caused 
by LULC change for some scenarios, which is in agreement with Karlsson et al. (2016). This 
was also suggested by Bussi et al. (2016), who found changes in precipitation and temperature 





Table 4-1.Spatial variability in changes in projected extreme flow variables across subbasins 
for 2060s period for four sources of uncertainty namely global climate model (GCM), 
representative concentration pathway (RCP), model parameter (MP) and land use/ land cover 
change (LULCC).  
 
Note: Rank 1 represents the highest source of uncertainty and rank 4 represents the lowest source of 
uncertainty.  
In contrast to peak flow, the changes in seasonal and annual flows are unidirectional (i.e, likely 
to decrease). The uncertainty analysis of flow in the 3S basin without considering LULC 
change uncertainty (Chapter 2) (Shrestha et al., 2016) displayed bidirectional changes in 
seasonal and annual flows, which clearly reflected the high dependence of the projected flow 
changes on the direction of change in future rainfall. The unidirectional changes in seasonal 
and annual flow observed in this study are probably mostly due to processes related to LULC 
change.  This suggests that for the 3S basin, the overall impact of LULC change is likely to be 
larger than climate effects on river flow. Under all LULC change scenarios, agricultural land 
(which is intensive) is projected to expand (ranging from 24 to 56%) at the expense of the 
forested areas (refer to Figure 4-2). The forest cover in the 3S basin is comprised mainly of 
deciduous and evergreen trees with medium- to low- density cover (refer to Table 4-2 and 
chapter 3 for details on description of forest cover). Farmers are replacing rice-based 
agriculture with commercial crops such as cassava, maize, soy and sugarcane in high and low 
land of the Lower Mekong Basin (ICEM, 2013). Hence, cassava and maize are more likely to 



















%  |a - b |
Rank
GCM -0.1 -3.9 3.8 3 -6.9 -29.5 22.6 1
RCP 4.5 -7.5 12.0 1 -15.6 -24.0 8.4 3
MP -1.1 -2.8 1.7 4 -19.1 -20.8 1.7 4
LULCC 2.6 -7.1 9.7 2 -10.9 -33.3 22.4 2
GCM -1.1 -4.9 3.7 3 -7.8 -10.4 2.7 2
RCP 2.0 -7.8 9.8 2 -8.8 -10.2 1.4 4
MP -2.1 -5.1 3.0 4 -8.5 -10.6 2.1 3
LULCC 2.4 -7.8 10.2 1 -1.4 -15.6 14.2 1
GCM 5.9 -7.8 13.8 1 -8.8 -21.6 12.8 2
RCP 2.4 -3.1 5.5 3 -11.7 -19.1 7.4 3
MP 1.1 -1.7 2.7 4 -14.5 -15.6 1.1 4
LULCC 3.4 -4.9 8.3 2 -5.5 -23.2 17.7 1
Srepok









In general, replacing forest by agriculture is likely to increase streamflow in most basins due 
to decreased evapotranspiration. The study results in terms of changes in streamflow due to 
replacing (local) forest by intensive agriculture is opposite to most other studies, but a few 
exceptions do exist (for example USACE, 2007). The uncertainty in this outcome can be both 
due to model calibration issues and due to type/amount of LULC differences.  
The contrasting outcome can be the result of calibration/parameterization issues, more 
specifically hard calibration. Hard calibration refers to the process where the model is 
calibrated against hard data i.e, long term, measured time series, typically at a point in the outlet 
and typically used for visual comparison of hydrographs and model evaluation statistics 
(Bieger et al., 2019). The problem with the hard calibration is that a model can show excellent 
statistical agreement with in measured stream gauge data, while misrepresenting processes 
(water balance, nutrient balance, sediment source/sinks) within a field or watershed. This will 
cause errors when running management, LULC and climate scenarios. The 3S model was 
calibrated against long term, measured time series stream flow data (hard data), but was not 
calibrated for soft data. Soft data refers to information on individual process within a budget 
such as evapotranspiration, which may not be directly measured within a study area but cause 
considerable uncertainty (Bieger et al., 2019).   
Table 4-2 presents the SWAT default CN values for the 3S basin (by MRC) and Table 4-3 
presents the calibrated CN values used for the 3S basin.  During the calibration, the default CN 
values are optimized by multiplying them by a relative fraction to match modelled and observed 
flows.  It is also to be noted that in 3S basin there is no soil type with hydrological group A 
characteristics. The range in CN number in Table 4-3 for each hydrological soil group for each 
LULC type is due to different relative change fractions assigned to different subbasin during 
the calibration process. It is worthwhile to note that the curve number of a LULC type for a 
similar hydrologic soil group can vary spatially because other hydrological 
parameter/characteristics such as slope which can have impact to runoff is not considered under 
the choice of CN number. SWAT does not adjust CN for slope. The curve number (CN) 
assigned to intensive agriculture is lower than that of major forest land-use class (Table 4-2 
and (Table 4-3). Hence, conversion of forest to intensive agriculture with lower CN is likely to 
decrease the surface runoff and increase the amount of water lost to infiltration. This gives the 
impression that the CN assigned for intensive agriculture by MRC may not have been 
representative of intensive agriculture. Hence, the 3S SWAT model was re-run for a sample 




has higher CN value as compared to forest land cover types. The results showed that replacing 
the parameters of agriculture-intensive LULC by LMB field crop did not change the outcome 
(Figure 4-4). 
Table 4-2. SWAT default CN values (proposed by MRC).  









A B C D 
Evergreen,medium-low cover den EMLD 
Forest 
21.01 28 61 77 85 
Deciduous DECD 27.45 45 66 77 83 
LMB Disturbed forest land DTFR 16.04 36 60 73 79 
LMB Field crop FCRP 
Agriculture 
1.91 67 78 85 89 
Agricultural land - intensive AGRI 2.7 31 59 72 79 
Note * The percent area in 3S Basin for major LULC type presented in the table is for 2003, which was 
used to calibrate 3S SWAT model. 
 
Figure 4-4. Mean annual discharge at 3S outlet under baseline, SW_C2 scenario where the 
agriculture-intensive LULC is used and AGRI to FCRP case where all agriculture-intensive 

































Table 4-3. Calibrated CN values to match flow observation sites for model configuration 
with NS as objective function.  
` 
Calibrated Curve Number 
Max Min Average 
EMLD  
B 68.6 60.5 62.6 
C 83.1 77.0 79.7 
D 96.1 84.7 89.4 
DECD  
B 74.8 60.8 67.6 
C 83.1 71.0 76.8 
D 94.1 81.0 86.4 
DTFR      
B 64.8 55.3 60.2 
D 81.1 81.1 81.1 
FCRP  
B 88.5 71.9 79.0 
C 91.7 84.1 87.3 
D 100.9 86.8 91.1 
AGRI  
B 66.9 54.4 60.4 
C 77.7 72.0 74.6 
D 89.6 77.1 81.7 
 
Further analysis was carried out at the hydrological response unit (HRU) level where all the 
major components of water balance were assessed (Figure 4-5). The results clearly show that 
total runoff for both AGRI and FCRP is less than deciduous forest type (DECD). It is 
interesting to note that evapotranspiration for DECD was quite low compared to agricultural 
crops. It seems baseflow is contributing significantly to the flow for both DECD and AGRI 
and not so for FCRP. FCRP produced more surface runoff than AGRI and DECD. This gives 
us an indication that while CN may be sensitive for surface runoff generation only, 
parametrization of crop-growth sub-models and evapotranspiration sub-model may have a 
significant influence on both surface runoff and baseflow generation and hence total runoff 
generation (i.e. Total runoff = surface runoff + baseflow) from the catchment. The modelling 
results highlights that model calibration process and parametrization needs to be carefully 





Figure 4-5. Comparison of monthly water balance component at the hydrological response unit 
(HRU) level for three major LULC type: Decidious (DECD), Agriculture-intensive (AGRI) 
and LMB field crop (FCRP). Note Total water yield = surface runoff + baseflow.  
On the other hand, although there is a preconceived notion that in general deforestation leads 
to increase in runoff, it can be argued that it is not always the case and it would depend on the 
original forest type and what it was being substituted for and other factors such as topography, 
soil type, and conservation practices used. It is also important to acknowledge that all forests 
are not equal and that local dry land bush type forest in the 3S basin may have lower water use 
potential than intensive agriculture. The crop type and management practice used can play key 
roles in governing flow (Lacombe et al., 2016; Yu et al., 2015). The parameters chosen for the 
forest (for example CN number) in the region (mostly dryland bush type forest) does not 
evapotranspiration as much as the agriculture that would substitute it. LUC uncertainty can 
have implications on the direction of streamflow changes, and the influence of hydrological 




results highlights that in this particular basin/ecosystem, calibration of parameters influencing 
LULC change may need revision or flow changes as a result of deforestation may not be as 
generally expected, and it is thus an important issue to address for future research. Recent study 
by Ellison et al. (2017) outlines lack of sound evidence on the influence of tree cover on water 
balance components (such as infiltration) which further complicates modelling of the effect of 
forest cover on hydrology. 
Overall the variability in seasonal (dry and wet) and annual flow projections across the 
subbasins as well as the whole 3S basin (Figure 4-6) is large under the LULC change scenarios. 
Details on the variability of future seasonal and annual flows for the subbasins are presented in 
Figure 4-7 . This clearly depicts that the choice of LULC change scenarios is the greatest source 
of uncertainty as compared to GCMs, RCPs and MPs for the dry, wet and annual flow 
projections for the 3S basin. Uncertainty due to MPs and RCPs is found to be the least source 
of uncertainty in general, however, for the Srepok subbasin model parameters has the largest 
uncertainty among sources for dry seasonal flow. The choice of GCMs has been generally 
portrayed as the largest and primary sources of uncertainty for flow projections. In contrast, 
the results suggest that this portrayal of climate signals (GCMs and RCPs) as major sources of 
uncertainty cannot be generalized and flow prediction uncertainty due to LULC, which is 
projected to undergo rapid modification, can dwarf the uncertainty due to future climate.  
 
Figure 4-6. Plots of range of seasonal (dry and wet) and annual flow changes at the outlet of the 
3S basin for 2060s period for four sources of uncertainty namely global climate model (GCM), 
representative concentration pathway (RCP), model parameter (MP) and land use/ land cover 





Figure 4-7. Plots of range of changes in seasonal (dry and wet) and annual flow across 
subbasins for 2060s relative to baseline (1986 – 2005) for four sources of uncertainty namely 
global climate model (GCM), representative concentration pathway (RCP), model parameter 
(MP) and land use/ land cover change (LULCC).  
It should be noted that the analysis was done for the 2060s period, which is considered a 
medium-term period for climate change impact studies. Studies by Rodriguez-Lloveras et al. 
(2016) and Karlsson et al. (2016) indicated that, in the short to medium term, LULC change 
effects on the basin hydrology can be more significant than climate signals. Uncertainty in 
LULC change is portrayed by large uncertainty in quantity and location of change (Dalla-Nora 
et al., 2014 ). For the 3S basin magnitude of change (future land demands) was the major 
uncertainty source for the LULC change forecast (Shrestha et al., 2018a). The results suggest 




an important driver of watershed hydrology, as it can change the portrayal of hydrological 
implication under probable climate change scenarios at the river basin scale.  
Uncertainties in sediment load projection 
Both the peak and sediment load from the 3S basin is likely to increase in the future (2060s) as 
a result of changes in climate and LULC. For both LULC change scenarios and future climates 
(represented by GCMs and RCPs), the likelihood of increase in peak sediment load is more 
than 80% (Figure 4-8Figure 4-8). Increased sediment load can have adverse effects on reservoir 
storage, operation of hydraulic structures, and riverine ecology and morphology (Walling, 
2008). Increased sediment load from watershed can accelerate the loss of reservoir storage 
affecting the energy generation from hydropower development (Arias et al., 2011), which can 
be a significant issue for the dam developers and operators.  
The variability in future peak and annual sediment load changes for the 3S basin is largest 
under the LULC change scenarios as compared to other sources of uncertainties as presented 
in Figure 4-8 and Figure 4-9, respectively.  
 
Figure 4-8. Plots of cumulative distribution function (CDF) to show the variability in annual 




global climate models (GCMs), representative concentration pathways (RCPs), model 
parameters (MPs) and land use/ land cover changes (LULCCs). 
 
Figure 4-9. Plots of range of annual sediment load (Mt/yr) changes across subbasins and at the 
outlet of 3S basin 2060s period for four sources of uncertainty namely global climate model 
(GCM), representative concentration pathway (RCP), model parameter (MP) and land use/ land 
cover change (LULCC). 
This suggests that the sediment load projection uncertainty is dominated by LULC changes for 
the 3S basin, which is also observed for all three subbasins (Figure 4-9). The GCM uncertainty 
is less important for the Sekong and Sesan subbains and the entire 3S basin. Sediment load 
projection uncertainty is large under LULC change scenarios primarily due to the large spread 
in changes of major LULC classes (forest, and agriculture). It is interesting to note that while 
the result shows that LUC is the greatest source of uncertainty in all three subbasins, a much 
larger uncertainty was observed in the Sekong than in the other two subbasins. This can be due 
to overall higher magnitude of sediment yields from the Sekong basin as compared to other 
two subbasins. The Sekong subasin has more high terrain with steep slopes which may have 
contributed to large increased sediment yields (Shrestha et al., 2018a). 
Overall the future sediment load for the study basin is more sensitive to LULC changes as 




with previous studies (for instance, Dai et al., 2009; Ma et al., 2014). Forest clearance for 
agricultural land expansion normally increases soil erosion from watershed resulting to high 
sediment yield (Walling, 1999).  This study further highlights that for basin undergoing rapid 
hydropower development, such as the 3S, LULC planning needs to be carefully considered for 
mitigating the adverse effect of increased sediment. Well planned LULC practices can even 
counterweight the increases in sediment due to climate change (Rodriguez-Lloveras et al., 
2016). 
Conclusions 
The study evaluated flow and sediment projection uncertainty combining 3 GCMs, 3 RCPs, 3 
model parameters and 3 LULC change scenarios for the 3S basin. Based on the results, LULC 
change is found to dominate the uncertainties in future flow and sediment load. This is likely 
related to the larger spread of changes in LULC classes between the scenarios considered. The 
results for seasonal and annual flow and sediment projections suggest that for rapidly 
developing basins like the 3S where significant LULC change is anticipated, surface hydrology 
can be more influenced by processes related to LULC change than climate-driven processes. 
However, analyses at the subbasin-scale suggest that for flow extremes (peak and low flows) 
the most important uncertainty source vary with space. The choice of GCM and RCP is more 
important for flow extremes. This suggests that basin characteristics can have significant 
influence on the uncertainty of the peak discharge projections, hence for large basins 
uncertainty should be assessed at different/local scales.  
In general, uncertainty in LULC changes can outweigh climate change uncertainty affecting 
future sediment projections and uncertainty; hence, uncertainty in LULC change should be 
included in understanding climate change impact on hydrology of basins undergoing rapid 
development.   
A small, but representative number of GCMs and RCMs were used for this study and the 
sample size for each source of uncertainty may not be as inclusive as possible.  Climate impact 
studies based on a few climate models may not totally capture the likely range of future climate 
change (McSweeney and Jones, 2016). It is debatable whether increasing sample size by adding 
more model sets would change the portrayal of the projection uncertainty, and although the 
sample size is small, the use of a wide and balanced set of combinations may better provide 
characterization of the projection uncertainty (Addor et al., 2014). Further, the sources of 




uncertainty and the most sensitive process. The conclusions are also based on simulations for 
the 2060s, which is considered a medium-term period for climate change impact studies. For 
farther future projections (e.g., 2090s), uncertainties due to the selection of future emission 
scenarios may become more important (Kundzewicz et al., 2018) and this may change the 
characterization of major sources of uncertainty for the far future. This analysis framework can 
be further extended to improve the understanding of future projection uncertainty for both 





Chapter 5  
Sediment management for reservoir sustainability and cost implications under land 
use/land cover change uncertainty  
Submitted as: Shrestha, B, Cochrane, TA, Caruso, BS, Arias, ME, Wild, TB, 2020. Sediment 
management for reservoir sustainability and cost implications under land use/land cover change 
uncertainty, Water Resources Research (Under Review).   
Abstract 
Addressing uncertainty in sediment predictions due to land use/land cover (LULC) change 
could better inform the selection of sediment management options for reservoir sustainability. 
We used the Nam Kong catchment of the Mekong River Basin in Southern Laos, with two 
hydropower dams in series, to understand the implications of LULC change uncertainty for 
catchment-level and reservoir-level sediment management options.  The catchment-level 
sediment management options of terracing, vegetative filter strips and no tillage were evaluated 
applying the Soil and Water Assessment Tool (SWAT). The reservoir-level sediment 
management option of flushing was assessed using the Sediment Simulation Screening Python 
Model (PySedSim). Costs of sediment management options were assessed via the economic 
value of the loss in hydropower production and the avoided cost of dredging. Our results 
suggest that LULC projections resulted in high variability in loss of reservoir capacity and cost 
of sediment management. Terracing was found to be the best catchment-level management 
option at decreasing both the magnitude and variability in loss of reservoir storage for both 
dams, but it was also the most expensive option. Flushing was also effective in reducing 
sedimentation, but it was less economically beneficial compared to catchment-level sediment 
management options. Combinations of catchment-level and reservoir-level management 
strategies, however, can be effective in reducing the magnitude and variability in loss of 
reservoir storage and associated costs in response to LULC change uncertainty.  
Introduction 
Dams and reservoirs provide storage for reliable supply of water for irrigation and hydropower 
generation in addition to flood control, fishing and recreation. Recent statistics suggest that 
dam generates 16% of global electricity (IEA, 2018) and irrigate 40% of global irrigable land 
(FAO, 2016). Reservoir sedimentation results to loss of reservoir storage and hence affecting 
the benefits of dam (Smith et al., 2013). Over half of the world’s large river systems are 




et al., 2019; Nilsson et al., 2005; Vorosmarty et al., 2003) .  Nearly 1% of global reservoir 
storage capacity is lost per year due to trapping of sediment (McCartney et al., 2000). Trapping 
of sediment by reservoirs can also significantly influence natural sediment fluxes, downstream 
river morphology, and ecosystem health and productivity (Wohl et al., 2015; Arias et al., 
2014a; Kummu et al., 2010; Schmidt and Wilcock, 2008; Petts and Gurnell, 2005; Grant et al., 
2003; Brandt, 2000; Kondolf, 1997) . Catchment erosion is important because it is one of the 
main sources of sediment to surface water bodies. Human alteration to a catchment accelerates 
erosion and sediment fluxes to lakes and artificial reservoirs (Yang et al., 2019; Walter and 
Merritts, 2008; Moehansyah et al., 2002).   Climate change  and land use/land cover (LULC) 
changes can also alter sediment yields (Shrestha et al., 2018b), which could substantially alter 
reservoir sediment trapping. Ultimately, excessive rates of erosion in catchments could 
significantly reduce energy generation (Kaura et al., 2019; Arias et al., 2011).  
Reservoir storage capacity lost due to sedimentation can be mitigated, in general, by three 
strategies: minimizing sediment yield, routing sediment and removing sediment (Annandale, 
2013; Sumi and Kantoush, 2011; Morris and Fan, 1998). The first strategy do not address the 
issue of sediment starvation downstream of the reservoir in contrast to the remaining strategies 
(Kondolf et al., 2014a). The cost and applicability of each strategy will vary from one site to 
another, as a function of sediment accumulation (Morris and Fan, 1998), as well as physical, 
hydrological and financial parameters (Palmieri et al., 2001).  
Uncertainty in future catchment sediment load production due to factors such as LULC change 
and climate change need to be considered in implementation of any sediment management 
plans for reservoir sustainability. Sediment projections provided without addressing the 
associated range of potential future changes could mislead the selection of sediment 
management strategies and associated costs. Assessment of uncertainty in hydrological 
predictions is crucial for effective and efficient management of resources (Brown et al., 2012; 
Milly et al., 2008). While studies have analysed the cost of sediment management options (for 
example, Smith et al., 2013; Palmieri et al., 2001), studies assessing  the implications of 
uncertainty in sediment projections on sediment management options and costs are limited. In 
basins where rapid conversion of forest to agricultural lands is expected, the sediment 
projection uncertainty due to LULC change is usually larger than the uncertainty due to global 
climate models (GCMs), representative concentration pathways (RCPs) and model parameters 
(as concluded in Chapter 4). This chapter presents logical follow on from the work presented 




sustainability and associated cost under the greatest source of uncertainty (i.e., uncertainty due 
to LULC changes) in sediment projections is assessed. In this chapter, the focus moves on from 
the more straightforward projections of river flow and sediment load (as presented in Chapter 
2, 3 and 4) to explore management options for reservoir sustainability. The Nam Kong 
catchment of the Mekong River in Southern Laos was used as a case study.   
Study Area  
The Nam Kong catchment covers part of Laos and drains an area of 1281 km2 (Figure 5-1). 
This particular study area was selected so that a pristine catchment can be explored to assess 
the effects of potential future LULC changes. Further, Nam Kong River is a tributary of the 
Sekong, which is the last unobstructed major tributary of the Mekong River and is incredibly 
important from a fishery perspective (Thomas et al., 2018).  The fishery value of Sekong River 
is under threat by intensive hydropower development plans. In order to balance the hydropower 
and ecological concerns the government of Laos recently adopted a sustainable hydropower 
master plan that includes a careful dealing with sediment management. However, this plan does 
not address uncertainty in LULC change. Thus, this paper provides a timely and important 
input to the sustainable hydropower development, from a conceptual perspective.  
The elevation of the Nam Kong catchment ranges between 298 and 1447 m above mean sea 
level. Based on 2003 LULC data, obtained from the Mekong River Commission (MRC), the 
catchment was dominated by forest (mostly dryland bush type forest), which covered almost 
99% of the total area. Soil in this catchment is predominantly sandy clay loam. The proposed 
hydropower facilities (Nam Kong 1 and Nam Kong 3), with total combined active storage 
capacity of 804 million cubic meters, are expected to have an average electricity generation of 












Table 5-1. Characteristics of the Nam Kong 1 and Nam Kong 3 hydropower schemes.  
Parameter Nam Kong 1 Nam Kong 3 
Installed capacity (MW) 150 75 
Mean energy production (GWh/yr) 469 170 
Active storage (106 m3) 505 299 
Catchment area (km2) 1281 648 
Dam height (m) 105 62 
Mid or low level flushing outlets Unknown Unknown 
Source: Mekong River Commission, 2008 
Methodology 
The conceptual framework used to evaluate the sediment management options and estimate the 
cost of sediment management in the Nam Kong catchment is presented in Figure 5-2.  The 
framework includes the following stages: (1) LULC change projection; (2) catchment erosion 
modelling; (3) catchment-level management evaluation; (4) reservoir sedimentation 
estimation; (5) reservoir-level management evaluation; and (6) cost of sediment management. 
Each element of this conceptual framework is discussed in detail below. 
 
 
Figure 5-2. Conceptual framework for evaluation of the sediment management options and 
estimation of the cost of sediment management. Note: Green arrow refers to flow path for 
catchment-level management evaluation process and blue arrow refers to flow path for 
reservoir-level management evaluation process.  
Land use/land cover change projection 
LULC change projections were adopted from Chapter 3 (Shrestha et al., 2018a), which covered 




(Eastman, 2009) was used to project future LULC change for 2030, 2060 and 2090. LCM uses 
Markov chain prediction method to predict the amount of  LULC change and uses either 
logistic regression or machine learning methods to model the transition potential of land (Mas 
et al., 2014). LCM is used in this study because of its wider application in simulating LULC 
dynamics (Rodríguez Eraso et al., 2013; Sangermano et al., 2012; Fuller et al., 2011). For 
details on LCM readers are referred to Eastman (2009). Two future LULC scenarios were 
considered: (a) low LULC demand/change scenario and (b) high LULC demand/change 
scenario. The land demands for low- and high-LULC scenarios were estimated through simple 
extrapolations of past LULC trends in the 3S Basin for the 1993 – 1997 and 1997 – 2010 
periods, respectively, when conversion of forest to agriculture (maize and cassava) was the 
primary land use transition. Based on past historical trends, the annual rate of change for the 
primary LULC for the 3S Basin was lowest for the period 1993–1997 (2.6% for agriculture 
and -0.2% for forest) and highest for the period 1997–2010 (6.2% for agriculture and -1.1% for 
forest). These rates of change were used to capture the maximum uncertainty in LULC 
projection as Shrestha et al. (2018a) found, in a study of future LULC scenarios for the 3S 
Basin, that LULC demand induces large uncertainties in future LULC forecasting. The 
transitions potential was modeled using Logistic Regression (LR), which generates 
change/transition potential using calculated relationships between LULC change and drivers. 
All the data sets used for LULC change modelling were obtained from the MRC.  
Catchment erosion modelling 
The Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998; Srinivasan et al., 1998), 
was used for simulating catchment soil erosion and sediment yield under baseline and LULC 
change scenarios.  This model was selected because it has been widely evaluated in the Mekong 
Basin (Mohammed et al., 2018; Trang et al., 2017; Oeurng et al., 2016), thus limiting the 
uncertainty associated with applying a new model to a basin for the first time. SWAT 
subdivides the catchment into several hydrological response units (HRUs). Each HRU consist 
of lumped area with unique LULC, slope, soil and management combination. SWAT calculates 
erosion from each HRU using the Modified Universal Soil Loss Equation (MUSLE), lumps 
them and routes the sediment loads in channels to the catchment outlet using a simplified 
version of the Bagnold (1977) stream power equation. Readers are referred to Neitsch et al. 
(2011) for details on SWAT model. All the meteorological and spatial input data (like digital 
elevation model, soil and LULC) for the SWAT models were obtained from the MRC. For this 




LULC and for each LULC change scenario. The mean annual sediment load at each dam 
location was estimated based on the average over the 1986-2005 series. The mean annual 
sediment load is estimated till 2120 to conduct a future 100-year simulation to represent the 
typical lifetime of a dam.  
Evaluation of catchment-level management  
Sediment load to the reservoirs can be reduced by catchment management practices. Three 
catchment management practices were evaluated: terracing (TERR), vegetative filter strips 
(VFS) and no tillage (NOTILL) (Table 5-2). These management practices were evaluated using 
built-in SWAT modules. The selected catchments have steep slopes and long slope lengths; 
hence, terracing was selected as one of the catchment management practices because terracing 
is generally effective for such terrain. Terracing decreases hillslope length, which prevents 
gully formation and hence erosion (Tuppad and Srinivasan, 2008). Terracing was simulated in 
SWAT by adjusting the MUSLE practice factor (TERR_P) and average slope length 
(TERR_SL). The average slope length was reduced by 50% to represent potential 
implementation of terracing in the region. Vegetative filter strips (VFS) are areas of vegetation 
that filter runoff and trap sediment. VFS were analyzed in this study because of their high 
efficiency in minimizing sediment transfer to rivers (e.g Hann et al., 1994).  VFS is also one of 
the recommended methods for reducing soil erosion because it is less labor intensive compared 
to other soil conservation practices such as contour plowing (GoLPDR, 2012). SWAT-defined 
threshold values (Table 5-2) were used for simulating the effect of VFS on catchment sediment 
yield. The strategy of eliminating tillage practices (i.e., No tillage) was evaluated because it is 
a widely adopted management practice to control erosion, reduce input cost, and maintain crop 
yield for long-term (Pittelkow et al., 2015). No tillage reduces soil erosion by limiting soil 
disturbance activities, which increases the soil water permeability and encourages 











Table 5-2. Catchment management practices analyzed in this study.   
Practices Variable name Definition Value 
TERR:  
Terracing  
TERR_Pa USLE practice factor adjusted 
for terraces 
Slope range 0-2%   = 0.12 
Slope range 2-10% = 0.10 




Average slope length (m) 
 
Slope length 0-2%  = 60m 
Slope length 2-10% = 30m 





FILTER_RATIOb Ratio of field area to filter strip 
area. 
50 
FILTER_CONb Ratio of the HRU which drains 
to the most concentrated 10 
percent of the filter strip area  
0.5 
FILTER_CHb Ratio of the flow within the 
most concentrated 10 percent of 





Ctillagec Tillage method factor 0.25 
Source: a Hann et al. (1994), bNeitsch et al. (2011), cStone and Hilborn (2011) 
Reservoir sedimentation estimation 
PySedSim was used in this study to evaluate sedimentation, as well as to evaluate reservoir 
sediment management potential. PySedSim, is an object-oriented, Python-based, one-
dimensional model developed to simulate flow and sediment in river reaches and reservoir(s) 
and estimate hydropower production in reservoir(s) (Wild et al., 2019a). PySedSim can be used 
to model multiple reservoir sediment management techniques, and has been applied in case 
studies in the Mekong River Basin (Wild et al., 2019b; Wild et al., 2016). The model is open-
source and available at https://github.com/FeralFlows/pysedsim. PySedSim has similar 
simulation functionality to the original SedSim model  (Wild et al., 2019a; Wild and Loucks, 
2015) with respect to sediment production, transport, reservoir trapping, and reservoir 
management. 
PySedSim calculates the amount of sediment trapped by individual reservoirs by estimating 
trapping efficiency.  The method developed in Brune (1953) is used to estimate the trapping 
efficiency for each reservoir for each day as a function of the reservoir’s residence time. In 
PySedSim the residence time for each simulation day is determined as the ratio between the 
average total water storage in the reservoir divided by the outflow or release of water from the 
reservoir. The model computes the volume of deposited sediment by dividing the trapped 
sediment mass by the bulk density of deposited sediment. The model assumes that the bulk 




study the bulk density value of 1.2 tons/m3 was used which is based on the major soil type in 
the catchment. Further the bulk density value used for this study lies between the reasonable 
range (1.1-15 tons/m3) for the sediment deposited in reservoir as suggested by Lara and 
Pemberton (1963). For this study, the total reservoir storage was used for the analysis, which 
means that dead storage was also included. The major hydrological inputs to PySedSim are 
flows and sediment loads, which were obtained from the SWAT model. Other major inputs 
include reservoir characteristics data, reservoir operation rules, reservoir volume, elevation 
curve and reservoir operation rules, and reservoir outflows. Most of these data were obtained 
from MRC or from (Piman et al., 2013).  A simulation period  of 100 years was used in order 
to capture the long-term impact of sedimentation processes on reservoir storage capacity and 
hydropower generation over the commonly assumed 100-year lifetime of a dam (Wild et al., 
2016).  
 Reservoir-level sediment management 
Overview 
Reservoir-level sediment management techniques consist of two general categories: 
minimizing sediment deposition in the reservoir by sediment routing, and directly removing 
sediment from the reservoir (Annandale, 2013). Flood bypass, off-channel reservoirs, sluicing 
and turbid density current venting from reservoirs are four major sediment routing strategies 
(Morris and Fan, 1998). Bypassing was not evaluated because it requires expensive 
infrastructure such as tunnels and the technique is most practical for short reservoirs with 
adequate slope to transport the sediment through the bypass channel or tunnel (Kondolf et al., 
2014a). Off-channel reservoir and density current venting techniques were not considered 
either; off-channel reservoirs are rarely used because they require particularly favorable 
conditions (topography, available space, technology) and are expensive (Batuca and Jordann, 
2000).  The sediment removal efficiency of density current venting is less than 50% even in 
ideal conditions (UDWR, 2010) and there is uncertainty in the flow path of density currents 
(Tiˇgrek and Aras, 2012). Sluicing was not considered for this study because it was 
hypothesized to be ineffective from the beginning of the study due to the large size of reservoirs 
considered for this study. Reservoirs with dam height more than 15 m and storage capacity 
more than 3 million cubic meters are considered to be large-size reservoirs (Asmal, 2000).  
Sluicing is most suitable for narrow, elongated-shaped and small to medium-sized reservoirs 





Deposited sediment can be removed using two basic processes; hydraulic and mechanical. 
Hydraulic removal includes sediment flushing, while mechanical removal (not considered in 
this study) includes dredging, hydrosuction removal systems (i.e., siphoning), and trucking 
(i.e., dry excavation). Flushing is done by creating river-like velocities in the reservoir which 
scour and transport deposited sediment through low-level outlets (Tiˇgrek and Aras, 2012). 
Flushing can be conducted in two ways: pressure flushing (partial drawdown) and empty (free-
flow) flushing (full drawdown) (Annandale, 2013). Pressure flushing releases water through 
the bottom outlets by keeping the reservoir water level high. On the contrary, empty (free-flow) 
flushing releases water by emptying the reservoir and routing water inflow from upstream by 
providing riverine conditions. For this study empty flushing was evaluated because this 
technique has been widely and successfully implemented  (Atkinson, 1996; Kondolf et al., 
2014a; Morris and Fan, 1998; Palmieri et al., 2003).  Pressure flushing was not considered 
because it is not commonly used and is less effective as compared to full drawdown flushing 
(Annandale, 2013; Morris and Fan, 1998). Mechanical removal like dredging and trucking 
were not considered viable options because of their high operation cost, and siphoning is 
ineffective for anything but very small reservoirs (Batuca and Jordann, 2000). The avoided cost 
of dredging, however, was considered for comparative purposes only.  
Although reservoir sediment management techniques can be simulated with PySedSim, this 
model is not capable of determining the technical and economic viability of candidate reservoir 
sediment management techniques. Thus, the REServoir CONservation (RESCON)  model 
(Efthymiou et al., 2017; Palmieri et al., 2003) was used to evaluate the technical and economic 
viability of multiple sediment management techniques, while PySedSim was used only to 
simulate the hydropower, hydrology, and sedimentation implications of those techniques 
deemed feasible by RESCON. Only sediment flushing emerged as a reasonable option as a 
result of the RESCON analysis. RESCON does not assess sluicing and bypassing, but can 
assess hydrosuction, traditional dredging and trucking.   
Flushing simulation in PySedSim 
The PySedSim model simulates flushing in a three-stage process, namely drawdown, flushing, 
and refill (Wild et al., 2019a). PySedSim initiates drawdown when two conditions are met: 1) 
the user-specified date for flushing has been met, and 2) the reservoir inflow exceeds the user-
specified minimum inflow target. For this study, only a date was specified in the model to 
initiate the drawdown process (Table 5-3). The flow threshold was not considered for the 




time of year is appropriate in the Mekong to avoid conducting flushing during the main portion 
of the wet or dry season (Wild et al., 2016). Flushing during the dry season is likely to see 
limited sediment removal due to limited natural discharge rates, and also creates the possibility 
that the reservoir cannot be refilled. Flushing during the wet season is difficult because safe 
drawdown may be difficult to achieve, and because low-level outlets are not sized to 
accommodate full pass-through of wet season discharge. After initiation of drawdown the 
model uses the reservoir’s low-level outlets to drain the reservoir to the specified maximum 
flushing water level elevation. The targeted flushing water level elevation is the maximum 
reservoir water level that will still result in successful flushing. It is to be noted that low-level 
outlets are not currently proposed as design elements at Nam Kong 1 and Nam Kong 3 per the 
available feasibility studies for these dams. However, low-level outlets will be needed to 
manage sediment effectively at these dams. The national government of Laos has committed 
to a strategic hydropower development plan that includes sediment management at its core. So, 
the lack of proposed outlets does not necessarily mean that the dam will not ultimately be 
required to have these outlets. The model drawdown the reservoir water level based on user 
specified daily drawdown rate. For this is study, the drawdown rate was restricted to a 
maximum of 2–3 m/day (Table 5-3) to ensure that the water released during drawdown does 
not exceed the typical wet-season flow and avoids destabilizing bank soil in the reservoir.  
After completion of the drawdown process, the model initiates flushing for a user-specified 
duration. For successful flushing to occur, two criteria must be satisfied: (1) the reservoir water 
level should not exceed the specified maximum flushing water level elevation, and (2) the 
discharge through the low-level outlets must equal or exceeds the minimum target flushing 
discharge. The target flushing discharge rate for Nam Kong 1 and Nam Kong 3 was 1.1 and 
1.3 times the mean annual inflow to the dams, respectively. The flushing durations and 
frequency provided in Table 5-3 were obtained from the RESCON model. For this study the 
flushing frequency of every 5 years is used. The selection of flushing frequency (annual, every 
two years, etc.) creates a tradeoff between hydropower loss and magnitude of sediment load 
released downstream (which is ecologically important).  During a flushing event, some fraction 
of the volume of sediment deposited since the previous flushing event is removed (Wild et al., 
2019a). The fraction of sediment removal is empirically determined by the ratio of trapezoidal 
cross-sectional area of the incised channel formed by flushing to the cross-sectional area of the 
reservoir (Wild et al., 2016), which varies over time as the incised channel evolves. This 




Atkinson (1996). Once the flushing is completed, the refilling of the reservoir initiates. Figure 
5-3 demonstrates the flushing process as simulated in PySedSim for Nam Kong 1 dam in the 
study area. During flushing, operating policy diverges from a normal state to drawdown 
(emptying) policy, which takes some time and power generation declines during emptying. 
After the target level of drawdown is achieved, the reservoir stays empty during the flushing 
duration and sediment is removed. After the targeted flushing duration, the reservoir fills up 
and returns back to a normal operating policy. It is assumed the reservoirs are flushed in a 
coordinated fashion (simultaneously). The flushing operation of downstream dam (Nam Kong 
1) is carried out is such a way that the flushed sediment from upstream dam (Nam Kong 3) 
pass through the Nam Kong 1 dam.    
Table 5-3. Input data for flushing process.  
Input data  Nam Kong 3 Nam Kong 1 
Flushing discharge (m3/s)   42 70 
Duration of flushing after complete drawdown (days) 13/6* 13/4* 
Frequency of flushing events (yrs) 5 5 
Start date 1-Jun 26-May 
Drawdown rate (m/day) 2 3 
Duration of drawdown (days) 19 25 
Note: *Different values used for the High/Low LULC change scenarios 
 
Figure 5-3. Flushing simulated by the PySedSim model for Nam Kong 1 dam under the high 




Cost of sediment management  
The cost of sediment management for both dams considered in this study was determined from 
the sum of two different costs: (1) the cost of reservoir sediment removal at the end of the 
dam’s assumed lifetime of 100 years, and (2) the cost of loss in hydropower production that 
results from reservoir sedimentation and management. It is to be noted that the cost of sediment 
management does not include the implementation cost of sediment management options. 
Regarding the first cost component, it is assumed that all sediment that has accumulated in the 
reservoir by the end of each dam’s lifetime will need to be removed to recover the site for use 
by future generations. Viable reservoir sites are limited in number and are thus a non-renewable 
resource. Forcing future generations to bear the cost of recovering this non-renewable resource, 
however, is unequivocally unsustainable because it does not promote intergenerational equity 
(Annandale, 2014). Thus, this recovery cost was accounted for as part of the cost associated 
with each dam. The cost of reservoir sediment removal (Csr) was taken to be the avoided cost 
of dredging, which can be very expensive (Morris and Fan, 1998; Palmieri et al., 2003). The 
concept of relating cost of sediment retained in the landscape to the avoided cost of dredging 
has been successfully used in the InVEST model (Sharp et al., 2014). The Csr at the end of 100 
years of reservoir operation is estimated as:  
𝐶𝑠𝑟 =  𝐶𝑑 . 𝑋                                                                                                                                 (5.1) 
where X is the total amount of sediment removal at the end of 100 years of reservoir operation 
(m3), and Cd is unit cost of dredging (US$/m
3). A literature review was carried out for an 
appropriate unit cost of dredging. For this study a unit cost of dredging was assumed to be US$ 
3/m3 as suggested by Annandale et al. (2016).  
The second cost component accounts for the fact that hydropower generation is affected by 
sedimentation (via storage capacity loss and thus less effective reservoir operating policies), as 
well as by the process of emptying the reservoir for flushing. The flushing process, which is 
described in detail in the previous section, reduces both the turbine discharge and hydraulic 
head as a result of drawdown, flushing, and refill. The method of estimating the cost of loss in 
hydropower production is based on the framework suggested by Arias et al. (2011). The cost 
of loss in hydropower production for individual years (Chp,t) is calculated as the difference in 
hydropower revenue between the baseline case and scenarios: 




where MHPGbaseline is the maximum hydropower generated in the baseline case (kWh); 
HPGscenarios is the hydropower generated for scenarios (kWh); ELEC is the electricity selling 
price per kilowatt- hour (US$ kWh-1); A fixed electricity rate of US $ 0.20 kWh-1, which 
represents the highest electricity rate among the Lower Mekong countries, was used in this 
study. The total cost of loss in hydropower production for 100 years of reservoir operation (Chp)
 
was then estimated by adding up all individual Chp,i.  
The hydropower generated (HPG) was estimated using the PySedSim model. PySedSim 
calculates the hydropower production (MW) at reservoir j in period t as: 
 𝐻𝑃𝐺 =  
9.81
1000
 . 𝑒(𝑗). ℎ(𝑗,𝑡). 𝑄(𝑗,𝑡)                                                                                                   (5.3) 
where h(j,t) is the hydraulic head above the turbines at reservoir j in time period t, Q(j,t) is the 
turbine discharge in units of m3/s, and e(j) is the efficiency (fraction) of the turbines at reservoir 
j, assumed not to vary over time. For this study the e(j) was assumed to be 0.9. For this study 
the net present value (NPV) of the cost of reservoir sediment removal at the end of 100 years 
of reservoir operation is calculated as:  
𝑁𝑃𝑉 𝑜𝑓 𝐶𝑠𝑟 =  
𝐶𝑠𝑟
( 1+𝑟)100
                       (5.4a) 
It is to be noted that since Csr from year 1 to 99 of reservoir operation will be zero, the present 
value during these periods will also be nil.   
The net present value (NPV) of the cost of loss of hydropower over 100 years of reservoir 
operation is quantified as: 




𝑡=0                  (5.4b) 
 where r is the annual discount rate, which is assumed as 5% per year for this study, N is total 
number of years in the period and t is time (yr). 
Each of the sediment management options considered for this study resulted in different time-
patterns and magnitudes of sediment accumulation in the reservoir, and thus had different costs 
of reservoir sediment removal at the end of 100 years, and different costs associated with lost 
hydropower production over time. Note that the costs of sediment removal after 100 years, and 




nothing option). Each of the sediment management options considered for this study were then 
compared to the baseline cost.  
Results and Discussion  
Land use/ land cover (LULC) change and catchment sediment load 
LULC change results presented here were adopted from Chapter 3 (Shrestha et al., 2018a), 
which cover the broader 3S Basin.  Based on the predicted future LULC (Figure 5-4), forested 
land in the Nam Kong catchment is expected to decrease 18%, 33% and 39% by 2030, 2060 
and 2090, respectively, under the low-LULC change scenario. Under the high LULC change 
scenario, forest is estimated to decrease 45%, 66% and 100% by 2030, 2060 and 2090, 
respectively, due to agricultural expansion.   
          












The 2090 high LULC scenario is an extreme case where in the entire study catchment is 
converted to agriculture and also considers conversion of protected areas (Chapter 3). The 
elevation of catchment ranges from 250 to 1447 m above the mean sea level (amsl) and majority 
of area (nearly 93% of total area) is lowland (i.e., elevation less than 1000 m amsl). Further the 
catchment receives more than 2000 mm of average annual rainfall. In this study, it is assumed 
that maize and cassava will be the main agriculture crop farmed intensively in the 3S basin. 
Globally cassava is mainly cultivated in lowland area with gentle slopes (0-10%) and average 
rainfall of 1000-1500 mm, however it is also produced up to elevation of 1800 m amsl and also 
found on steep slopes of 15-50% in Asian nations like China, Vietnam and Indonesia (FAO 
and IFAD, 2000). Hence, there is possibility of large-scale conversion of forest area to 
agriculture in studied catchment. Nevertheless, it is acknowledged that converting very steep 
slopes and high land to agriculture will then also lead to very high erosion rates. 
Under the baseline scenario with the 2003 LULC map, a mean sediment load of 0.02 million 
tons per year (Mt/yr) at the Nam Kong 3 dam location is estimated, while at the Nam Kong 1 
dam location it was estimated at 0.29 Mt/yr. There is a stark difference in sediment load 
between the two dams. The catchment area of Nam Kong 1 is roughly twice the size of Nam 
Kong 3, but sediment load is an order of magnitude larger. The reason for this big difference 
is that area downstream of the Nam Kong 3 dam is the main source of sediment in the catchment 
as presented in Chapter 3 (Shrestha et al., 2018a). As expected, the sediment load increases 
over time as conversion of forest to agriculture occurs. By 2120, in year 100, the annual mean 
sediment load is estimated to range between 0.46 and 1.06 Mt at the Nam Kong 3 dam location 
and between 1.17 and 3.56 Mt at the Nam Kong 1 dam location in response to LULC changes 
(Figure 5-5).  The sediment load for high-LULC change flattens out after 2090 because the 
catchment has reached full agriculture cover. The high variability in sediment loads due to 
LULC changes was observed, which is largely due to the higher sediment yield under the high 




      
Figure 5-5. Mean annual sediment load over time for Nam Kong 3 dam location (left) and 
Nam Kong 1 dam location (right). 
Reservoir sedimentation due to land use/land cover (LULC) change 
Figure 5-6 presents the resultant decrease in the reservoir’s capacity for the two dams operating 
in series under the two LULC change and the baseline (no LULC change) cases. Loss of storage 
capacity for the reservoirs due to reservoir sedimentation under baseline conditions is not 
significant. The initial reservoir volume is estimated to decrease by nearly 4% and 0% for Nam 
Kong 1 and Nam Kong 3 reservoirs, respectively, after 100 years. For Nam Kong 1 reservoir 
the reduction in reservoir storage capacity due to sedimentation ranges from 8 to 28% after 100 
years across the LULC change scenarios. By 2120, the Nam Kong 3 reservoir volume is 





       
Figure 5-6. Reservoir total water storage capacity (volume) for Nam Kong 3 and Nam Kong 
1 reservoirs over time, expressed as a percentage of initial reservoir total water storage 
capacity.  
The results indicate that variability in projected future sediment yield results in large 
uncertainties in reduced reservoir capacity, which are due to differences between LULC change 
projections (Figure 5-5 and Figure 5-6). The results also indicate that variability in loss of 
reservoir capacity increases with time for both dams. This analysis is based on two dams 
operating in series; hence it is worth noting that the loss of reservoir volume for Nam Kong 1 
is influenced by the magnitude of sediment trapped in Nam Kong 3. Increased sediment load 
due to LULC changes generally can result in significant reduction of reservoir storage capacity, 
which can affect power generation capacity. The reduction in storage capacity, considering 
LULC change, can be a significant factor in the cost-benefit ratio of hydropower projects. 
Hence, the dam designer and planner should take potential LULC change into account in the 
design and operation of dams. 
Impact of catchment-level sediment management on reservoir storage 
The loss of reservoir volume after testing three different catchment management options 
suggest that terracing is the most effective option to minimize reservoir storage capacity loss 
(Figure 5-7). For Nam Kong 1, implementation of terracing can reduce the loss of reservoir 
volume from 8-28% to 1-3%.  Interestingly, terracing also reduced the wide variability in loss 
of reservoir volume due to the LULC scenario. In general, vegetative filter strips are the least 
effective catchment-level reservoir sedimentation management option evaluated in this case 




reduces hillslope length and gradient, which results in decreasing surface runoff and velocity, 
while vegetative filter strips were only implemented in agricultural land bordering the river 
reaches. The effectiveness of filter strips to minimize sediment transfer to rivers is a function 
of the location and amount of permanent vegetative cover (Zhou et al., 2009), and 
implementation in large areas (i.e., the filter strips themselves are large) can increase sediment 
load reduction (Woznicki et al., 2011).  
        
Figure 5-7. Reservoir total water storage capacity (i.e., volume) for Nam Kong 3 and Nam 
Kong 1 reservoirs over time for various catchment-level reservoir sediment management 
options under LULC change uncertainty. Storage capacity is expressed as a percentage of initial 
reservoir total water storage capacity. TERR = Terracing, VFS = Vegetative Filter Strips and 
NOTILL = No Tillage.   
 Impact of flushing on reservoir storage  
Figure 5-8 shows the effect of flushing on the reservoir storage capacity of both dams operating 
in series. The results indicate that periodic flushing (i.e., every five years) can minimize the 
loss of reservoir storage capacity and significantly reduce variability in loss of reservoir 
capacity. The model simulation results show that over 100 years of reservoir flushing 
operations (4-13 days every 5 years) can remove more than 90% of the total sediment inflow 
to the reservoirs. For example, under the high LULC change case for Nam Kong 1, if flushing 
is not implemented the reservoir will trap 176.3 Million Tons (Mt) of sediment over 100 years, 
which is nearly 93% of the total sediment inflow to the reservoir. Implementation of flushing 
can remove 95% of total sediment inflow (246.5 Mt) to the Nam Kong 1 reservoir (Table 5-4). 




discharge available during the target flushing time period of May-June, as well as the extensive 
width of the incised channel created by flushing relative to the reservoir width.  
      
Figure 5-8. Reservoir volume for Nam Kong 3 and Nam Kong 1 reservoirs over time for 
flushing options under LULC change uncertainty.  
Table 5-4.  Reservoir sediment budget over 100 years of operation for the Nam Kong 3 and the 
downstream Nam Kong 1 reservoirs (flushed simultaneously).  
Sediment Budget  
Nam Kong 3 Nam Kong 1 
No Flushing Flushing No Flushing Flushing 
High LULC change scenario  
Total sediment inflow (Mt) 79.2 79.2 189.6 258.3 
Total sediment outflow (Mt) 6.6 75.3 13.3 246.5 
Trapped Sediment (Mt) 72.6 3.9 176.3 11.8 
Low LULC change scenario 
Total sediment inflow (Mt) 33.0 33.0 52.8 82.3 
Total sediment outflow (Mt) 2.6 32.0 3.4 79.8 
Trapped Sediment (Mt) 30.4 1.0 49.4 2.5 
 
In general, flushing can be successfully implemented and is an effective reservoir-level 
management option to reduce the lost reservoir storage of both dams when efforts are 
coordinated. Unlike catchment-level management options, flushing also releases the trapped 
sediment back to the river crucial for the riverine ecosystem. However, flushing can 
significantly alter the sediment and flow pulse of the river which can have ecological 
(Grimardias et al., 2017; Espa et al., 2016) and geomorphological (Brandt and Swenning, 1999) 




intervals. This simply means that the sediment trapped for 5 years will be flushed in a short 
duration, ranging from 4 – 13 days depending upon the dam and LULC scenario (please refer 
to Table 5-3 for details). This can suddenly introduce large amounts of sediment to the river. 
Morris and Fan (1998) suggest that flushing, in general, can suddenly increase sediment 
concentration with magnitudes exceeding 100 g/L, which can last for several weeks. Hence, 
the amount, timing and frequency of sediment released during flushing should be carefully 
planned in order to minimize adverse effects to riverine ecosystems (Wild et al., 2016). Dams 
can be flushed more often to minimize the release of large amounts of sediment to the river, 
but the impacts on power generation can be even sharper.  
Cost of sediment management 
The annual estimated revenue from hydropower generation from the Nam Kong 1 and Nam 
Kong 3 reservoirs is US$ 119 million and US$ 34 million, respectively.  For Nam Kong 1, the 
cost of reservoir sediment removal (taken as avoided cost of dredging), after 100 years of 
operation (i.e., at the end of the dam’s lifetime), ranges from US$ 123.53 to 440.73 million 
without sediment management strategies. The net present value (NPV) of the cost of reservoir 
sediment removal ranges from US$ 0.94 to 3.35 million if no sediment management options 
are implemented (Table 5-5).  The total cost of loss in hydropower production due to loss of 
reservoir volume is estimated to range from US$ 25.81-77.73 million, and the NPV for the cost 
of loss in hydropower ranges from US$ 1.46 – 4.50 million, for Nam Kong 1 without sediment 
management strategies. For Nam Kong 3, over 100 years of operation, the total cost of loss in 
hydropower generation ranges from US$ 7.80 to 20.14 million and the NPV ranges from US$ 
0.42 – 1.25 million if no sediment management options are implemented.  The total cost of loss 
in hydropower for both dams due to loss of reservoir capacity is not significant compared to 
total revenue generated by both dams operating over 100 years. This result suggests that for 
high dams, with large storage and loss in reservoir storage due to sedimentation, reduced power 
generation revenues may not be significant. This might not encourage dam developers or 
operators to take measures to reduce sedimentation in order to regain the lost reservoir storage. 
However, the lost revenue due to sedimentation could be used for catchment conservation 
practices and reservoir-level options which would offset sedimentation and thus reservoir 
volume loss. Further, trapping sediment for 100 years may ultimately adversely impact critical 
river ecosystems. Maintaining riverine ecosystems, rather than storage capacity and energy 
production, might be the reason to motivate the dam developer and operators to implement 




Loucks, 2014). For dam developers and operators to view sediment management as an 
economic benefit, the cost of maintaining the critical riverine ecosystem must be accounted in 
the traditional paradigm of economic analysis (Wild et al., 2016). Nevertheless, for smaller 
storage dams, the reduced power generation revenues may be significant (Kaura et al., 2019) 
and hence, the financial benefits of sediment management options will be important. 
Through this study the most economically feasible or most optimal catchment management 
strategies are not assessed, but present how the cost of sediment management changes when 
various interventions are made with the aim to reduce erosion from the catchment and hence 
increase the life span of the reservoirs (i.e., quantify the economic benefit of catchment 
management to hydropower and reservoir storage). Out of three catchment management 
practices used in the study, terracing is the most effective method, decreasing the magnitude 
and variability of the cost of sediment management significantly for both dams (Figure 5-9). 
Terracing provides greater economic benefit to dam developers and operators as compared to 
other options considered in this study. For instance, over 100 years of operation, terracing will 
provide a benefit of US$ 134.60 – 461.60 million (NPV of US$ 2.2 – 7.1 million) and US 
$76.40 – 179.8 million (NPV of US$ 0.9 -2.4 million) for Nam Kong 1 and Nam Kong 3 dams, 
respectively. Vegetative filter strips is the least effective method in reducing the cost of 
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value of cost 
of loss in 
hydropower 
production 
High LULC change scenario 
Do nothing 181.50 1.38 20.14 1.25 440.73 3.35 77.73 4.50 
Terracing (TERR) 19.88 0.15 1.96 0.11 49.58 0.38 7.25 0.37 
Vegetative Filter 
Strips (VFS) 
81.02 0.62 8.25 
0.50 
272.00 2.07 38.04 2.07 
No Tillage (No 
Till) 
96.36 0.73 10.42 
0.68 
245.60 1.87 40.72 
2.39 
Flushing 9.85 0.07 77.49 13.76 29.55 0.22 530.50 95.01 
Low LULC change scenario 
Do nothing 76.01 0.58 7.80 0.42 123.53 0.94 25.81 1.46 
Terracing (TERR) 6.65 0.05 0.78 0.06 12.37 0.09 2.41 0.14 
Vegetative Filter 
Strips (VFS) 
27.63 0.21 2.81 
0.15 
65.02 0.49 10.86 
0.60 
No Tillage (No 
Till) 
40.21 0.31 4.10 
0.22 
75.13 0.57 14.85 
0.90 





Figure 5-9. Costs and net present value of no sediment management and sediment management 
options over 100 years of reservoir operation. TERR = Terracing, VFS = Vegetative Filter Strips 
and No Till = No Tillage. Note: Cost presented in this figure refers to cost of reservoir sediment 
removal plus total cost of loss in hydropower production, and net present value is the sum of net 
present value of cost of reservoir sediment removal and net present value of cost of loss in 
hydropower production. There is a range for each bar which is due to the LULC change scenario 
differences.  
The selection of management practices for reducing erosion from the catchment depends not only 
on the technical effectiveness, but also on the financial viability of the measures (Verstraeten et 
al., 2002). Hence, the estimation of actual cost and complete cost-benefit analysis for each option 
is required. The catchment management option which is most effective in reducing the loss of 
reservoir volume, and decreasing the costs of sediment removal and loss of hydropower generation 
may not be the most cost-effective option to implement. The large-scale implementation of 
terracing can be very expensive despite its high benefit as compared to other options. Terracing is 
labor intensive and does have high implementation and maintenance costs. Yang et al. (2014) 
suggested the cost per hectare of terracing in China ranges from US$ 1900 to US$ 4000 depending 
on slope gradient (the higher the slope gradient the higher the cost of terracing). Options such as 
no tillage and vegetative filter strips would be easier, less labor intensive and less costly to 




cost of implementation and maintenance to be lowest for vegetative filter strips (US$ 3.2 per 
hectare) and highest for terracing (US$ 126.4 per hectare) (Zhou et al. (2009). It is to be noted that 
the cost of terracing in Iowa is much less than in China as mentioned above due to differences in 
the type of terracing. In the Iowa case, terracing is on low slopes.  Further, the integration of 
different catchment management practices may provide most cost-effective results. Management 
of increased sediment due to LULC changes in catchments with multiple dams often requires an 
integrated sediment management approach. Several studies (for example Bosch et al., 2013; Li et 
al., 2019) have suggested that integration of various catchment-level management practices can 
produce the most effective result.  
The results suggest flushing, although effective in minimizing the loss in reservoir capacity, may 
provide the least economic benefit to dam developers and operators as compared to catchment-
level management options in the case study dams in Southern Laos. For example, for Nam Kong 
1 dam over 100 years of operation, while catchment-level management options will provide an 
economic benefit with NPV ranging from US$ 0.90 to 7.10 million, flushing provides none. The 
cost of loss in hydropower is higher with flushing as compared to catchment management options 
(Table 5-5), as there is lost opportunity to generate energy during the flushing process. Since the 
dams are high in the study area, the total duration of the flushing process, more specifically 
drawdown and refill, is quite significant (more than 19 days for Nam Kong 3 and more than 25 
days for Nam Kong 1 dam). Hence, during the flushing period the dam operator will not be able 
to produce energy for a considerable period. Flushing with long duration is expensive mainly due 
to significant loss of hydropower generation (Espa et al., 2016). For high dams the drawdown and 
refill period will be similar for both cases (i.e, high LULC change and low LULC change) even 
though the flushing duration varies (Table 5-3). For more optimal reservoir sediment management 
solutions, a combination of reservoir-level management techniques may be required because the 
effectiveness of each technique can change over time (Annandale et al., 2016).   
Conclusions  
This study aimed to understand the effect of catchment sediment management options for reservoir 
sustainability and associated cost due to sediment projections variability caused by LULC changes. 
This critical issue is explored in the Nam Kong Catchment in Laos, which is situated in the 




Southeast Asia. Due to planned intensive and pervasive hydropower development plans in the 
Mekong (many of which are planned in Laos), this region is facing critical challenges with respect 
to balancing hydropower and ecological concerns (Wild et al., 2019b; Moran et al., 2018; Zhong 
and Hao, 2017; Ziv et al., 2012; Grumbine et al., 2012). Thus, this study evaluates sediment 
management options (both catchment management and reservoir management), in the context of 
LULC change, in one of the world’s most critical river basin development contexts. The national 
government of Laos recently adopted a sustainable hydropower master plan that includes a 
significant focus on sediment management. Thus, this paper provides timey input to an ongoing 
policy discussion in Laos regarding development of the ecologically rich Sekong river basin. The 
results of the study’s simulations suggest that uncertainty in LULC changes can result in high 
variability in loss of reservoir capacity and cost. Increased sediment load due to LULC changes 
can generally result in significant reduction of reservoir storage. Hence, dam planners should 
consider future potential LULC changes in the design and operation of dams.  
The results suggest that for high dams with large storage, loss in reservoir storage due to LULC 
change-induced sedimentation may not significantly reduce power generation revenues, because 
loss of reservoir storage is relatively low even in the worst-case scenario.  This may not motivate 
dam developers to implement measures to manage sediment. However, for smaller storage dams, 
loss in power generation revenues due to sedimentation would be significant and the financial 
benefits of sediment management options (both catchment-level and reservoir-level) will be 
substantial as well. It is also important to address the issue of conservation of land as a way to 
reduce sedimentation of reservoirs.  Establishing conservation areas will also help achieve the goal 
of reducing reservoir volume loss.  Further, the benefit of maintaining riverine ecosystems may be 
the incentive which might encourage dam developers to implement sediment management options 
(Wild and Loucks, 2014). Hence, the economic value of maintaining the riverine ecosystem should 
also be included in estimating the cost of sediment management.  
The result suggests catchment management can significantly reduce long-term reservoir volume 
loss. For the Nam Kong case study, terracing was the most effective method and vegetative filter 
strips the least effective in increasing the life span of the reservoirs and hence reducing the cost of 
sediment management. Terracing can also decrease the wide variability in lost reservoir capacity 




expensive measure to implement as compared to other options considered in the study. This 
suggests that the best erosion control measures that provide the most benefit may be too expensive 
to implement and thus other alternatives may be more feasible. Hence, the estimation of actual 
cost and complete cost benefit analysis for each catchment management options is critical for the 
selection of the best catchment management option(s) for minimizing the effects of uncertainty in 
LULC changes.  
The assessment highlights that flushing is an effective reservoir-level management option to 
minimize loss of reservoir storage, but it may be less economically beneficial as compared to 
catchment management options. However, catchment-level management options do not address 
the issue of sediment starvation downstream which is crucial for downstream riverine ecosystem 
and morphology (Kondolf, 1997). Hence, a combination of both catchment-level and reservoir-
level sediment management approaches is required to maintain reservoir capacity as well as meet 
the sediment demand downstream. This is especially true for the high LULC change case where 
excessive erosion from the catchment can have adverse effects for both reservoir storage and river 
morphology and ecology. Further, flushing can provide increasing economic benefits to dam 
developers and operators as the loss in reservoir storage increases.  
The findings presented in this study may only be true for the site-specific Nam Kong case study 
because the cost and effectiveness of any sediment management option may vary depending upon 
reservoir size and location (Morris and Fan, 1998). The result also highlights that it is difficult to 
generalize what sediment management option will work at any particular dam, which creates a 
challenge for assessing sediment management potential at the basin scale. However, the method 
presented in this study can be used globally to assess sediment management options for reservoir 




Chapter 6 Conclusions, Recommendations, and Future Research 
Conclusions and recommendations 
This study aimed to assess the uncertainty in sediment predictions and the implication of sediment 
management options and cost under uncertainty in sediment projections for catchments with 
hydropower dams. Four important sources of uncertainty were evaluated: global climate models 
(GCMs), representative concentration pathways (RCPs), model parameterization and land 
use/land cover (LULC) changes (Chapters 2, 3 and 4) to better characterise and identify the 
dominant source of uncertainty for flow and sediment load projections for the 3S basin. Lastly, the 
focus was moved on from the more straightforward projections of flow and sediment load to 
explore management options for reservoir sustainability and cost implication under the greatest 
source of uncertainty (Chapter 5).   Conclusions for the key thesis objectives are presented below.  
Objective 1: How do future climate scenarios and model parameterization affect the uncertainty 
in flow and sediment projections? 
Based on the evaluation of three sources of uncertainty: GCMs, RCPs and model parameterisation, 
it can be concluded that in large basins the major sources of uncertainty in flow and sediment can 
vary over time and in space. For example, in the 3S basin results indicate for both flow and 
sediment model parameterization is the major contributing source of uncertainty in shorter term 
(2030 time period), but the selection of GCMs and RCPs dominates in longer term (2060 time 
period). Since model parameter uncertainty can have significant implications on future flow and 
sediment projections, a careful calibration and validation should be considered in order to reduce 
the parameter uncertainty.  
Objective 2: How do land use/land cover (LULC) change scenarios affect the uncertainty in 
flow and sediment projections? 
Based on the evaluation of uncertainty in LULC change scenario alone, it can be concluded that 
uncertainty in future LULC change, primarily driven by LULC demand, can result in large flow 
and sediment variability. Hence, careful selection of LULC demand scenarios is vital in reducing 
uncertainty in future LULC changes. Further, interestingly the modelling results, specific to the 
3S basin, showed contrasting result of deforestation effect on flow (decrease in flow), suggesting 




needs to be carefully considered as this can have implications on the direction of streamflow 
changes. 
Objective 3: How do combined future climate scenarios, model parameterization and LULC 
change scenarios affect the uncertainty in flow and sediment projections? What is the major 
source of uncertainty in flow and sediment projections? 
Based on the assessment of uncertainty in future flow and sediment combining GCMs, RCPs, 
model parameters and LULC change scenarios, it can be concluded that for a rapidly developing 
basin (i.e. 3S basin) where significant LULC change is anticipated the selection of LULC change 
scenarios can dominate the uncertainties in future flow and sediment load.  Our results suggest that 
the choice of LULC change scenario is more important that climate change uncertainty for seasonal 
and annual flow and sediment. In contrast the choice of GCM and RCP is more important for flow 
extremes. Our study results highlight that uncertainty in LULC change scenarios should not be 
neglected, but rather studied in more detail and included along with other important sources of 
uncertainties (i.e. GCMs, RCPs and model parameters) in climate change impact studies as this 
can have noticeable effect on portrayal of dominant source of uncertainty in prediction of flows 
and sediment which is critical for better water and sediment management. Despite the uncertainty 
in sediment projection, our results showed increase in future sediment load, which highlights 
hydropower reservoirs with rapidly developing basins can be under threat of excess sedimentation, 
leading to potential detrimental energy production losses over time. It is to be noted that our 
conclusions are based on simulations for the medium-term period (2060s) and the portrayal of 
major sources of uncertainty may change for the farther future projections (e.g., 2090s). 
Nevertheless, the analytical framework present in this study can be further extended to improve 
the understanding of uncertainty in future flows and sediment.  
Objective 4: What is the implication of sediment management options and associated cost under 
the greatest source of uncertainty in sediment projections?  
Based on the evaluation of the reservoir sustainability under uncertainty in sediment projections 
due to LULC change, it can be concluded that LULC change induced uncertainty in sediment loads 
can result in high variability in loss of reservoir capacity and cost of sediment management. Our 




power generation revenue. For dams with a smaller storage to inflow ratio, loss of storage could 
have a significant impact on power generation revenue. The lost revenue value due to 
sedimentation predictions under business as usual could be used for catchment-level and reservoir-
level sediment management options, which would offset sedimentation and thus increase the 
reservoir sustainability for future generations. The economic value of maintaining the riverine 
ecosystem should be included in estimating the cost of sediment management. The financial 
benefits of sediment management options are important, particularly for the smaller storage to 
inflow ratio reservoirs. 
Further, it can be concluded that sediment management options can significantly reduce the 
magnitude and variability in loss of reservoir capacity and cost of sediment management. For the 
case study of sediment management of two hydropower dams (Nam Kong 1 and Nam Kong 3) 
and their catchments,  terracing performed the best at decreasing both the magnitude and variability 
in loss of reservoir storage and thus the long-term cost of sediment management for both dams, 
but it is the most expensive option to implement. Flushing was the best reservoir-level option to 
reduce sedimentation, but it is not as effective as the catchment-level sediment management 
options.  However, catchment-level management options do not address the issue of sediment 
starvation downstream of the reservoir and hence an integrated approach is recommended when 
considering overall benefits.  The outcomes of the study show that it is difficult to generalize what 
sediment management option will work at any particular dam, which out a detailed study of the 
system.  The methodology develop in this thesis can be readily applied and used globally to assess 
sediment management options for reservoir sustainability considering uncertainty in climate 
variables and LULC change. 
Future areas of research  
Integrated sediment management studies 
The holistic and effective management of sediment in catchments with series of hydropower dams 
requires integration of various sediment management approaches. There is need to better 
understand the effect of integrated sediment management on reservoir sustainability for basins 
undergoing rapid development, considering uncertainty in climate and LULC change.  Use of 
various modelling frameworks to study the effect of sediment management options on reservoir 




example under SWAT modelling framework) which can assess both catchment-level and 
reservoir-level sediment management options.  
Social aspect of sediment management 
For the sustainability of any sediment management option, it should not have any negative 
implication to the community. Hence, further study is needed to understand community 
vulnerability and risk to sediment management options.  
Optimization of sediment management 
Sediment management is more challenging in a large basin like 3S with numerous series of 
reservoirs. This also makes subscribing a single sediment management option nearly impossible. 
In order to identify the most effective and economically sound sediment management option there 
is a need for optimization study of sediment management.  
Effect of reservoir size to inflow ratio on sediment impact 
The reservoir size and sediment inflow influence both the rate and the magnitude of loss of 
reservoir capacity. Further, this will also have implication on cost-effectiveness/ financial benefit 
of sediment management options. Hence, a good understating on the effect of reservoir size to 
inflow ratio on sediment impact is required for better sediment management in basins with multiple 
reservoirs.      
Cost implications of flushing sediment  
The cost of emptying a reservoir for sediment management can go beyond just lost generation 
revenue and managing the associated sediment pulse. In particular, the wider electricity network 
would need to have sufficient spare capacity be able to cope with the disruption in supply for the 
period of days/weeks it takes to empty and refill the reservoir. Otherwise, the resultant reduction 
in industrial/commercial activity could add substantial additional costs. In the case of a cascade of 
hydroelectric dams (i.e., as in the case study here), synchronous flushing may be required which 
can cause even more substantial disruption. Hence the cost implication of emptying a reservoir 






Calibration/ validation improvements 
In general, hydrological model is calibrated against observed flow data series. This calibration 
process can produce an acceptable statistical relationship between simulated and observed flows, 
but bias other hydrological processes such as water balance and sediment balance. Hence, the 
model will generate erroneous results when simulating climate changes, LULC changes and 
management scenarios. There is a need for improvements in calibration/validation with 
evapotranspiration or other data sets to avoid misrepresentation of the impact of LULC change on 
runoff.  
Ecological aspects of sediment management  
Sediment management for reservoir sustainability should not undermine the riverine ecology. The 
quantification of ecological benefit of sediment management for reservoir substantiality can guide 
better selection of management options.  Research is needed to better understand the ramifications 





Appendix 2-1: Supplementary Material for Chapter 2 
A. Supplementary Methods 
Soil distribution and land use/ land cover (LULC) details of the 3S basin 
 
Figure S2-1. Soil type distribution map of the 3S basin (Source: MRC, 2010). For details of soil 




Table S2-1. Major soil types of the 3S basin and their properties (values based on soil map used in 
the SWAT model of the 3S basin developed by Mekong River Commission) 


















Sand Silt Clay 
ACh-L/ACh-C Acrisol 0-300 Sandy Clay Loam 55 24 21 1.46 0.23 6.50 
ACh Acrisol 
0-300 Sandy Clay Loam 55 24 21 1.46 0.23 6.50 
300-600 Sandy Clay Loam 50 23 28 1.46 0.22 3.49 
600-1000 Sandy Clay Loam 48 20 32 1.48 0.19 2.56 
1000-2000 Sandy Clay Loam 52 18 30 1.44 0.16 2.90 
ACh-C Acrisol 
0-300 Sandy Clay Loam 55 24 21 1.46 0.23 6.50 
300-600 Sandy Clay Loam 50 23 28 1.46 0.22 3.49 
600-1000 Sandy Clay Loam 48 20 32 1.48 0.19 2.56 
1000-2000 Sandy Clay Loam 52 18 30 1.44 0.16 2.90 
ACu Acrisol 
0-300 Clay Loam 37 24 39 1.27 0.22 1.95 
300-600 Clay 33 21 46 1.34 0.2 1.61 
600-1000 Clay 29 22 50 1.34 0.2 1.60 
1000-2000 Clay 28 20 53 1.36 0.15 1.57 
LPd Leptosol 0-300 Sandy Clay Loam 59 16 25 1.2 0.28 4.20 
CMd/ACh Cambisol 
0-300 Clay Loam 37 33 31 1.23 0.24 3.39 
300-600 Clay Loam 44 27 30 1.23 0.22 3.36 
600-1000 Sandy Clay Loam 48 26 27 1.24 0.22 4.12 
1000-2000 Loam 46 28 26 1.28 0.1 4.47 
ACh-C/LPd Acrisol 
0-300 Sandy Clay Loam 55 24 21 1.46 0.23 6.50 
300-600 Sandy Clay Loam 50 23 28 1.46 0.22 3.49 
600-1000 Sandy Clay Loam 48 20 32 1.48 0.19 2.56 
1000-2000 Sandy Clay Loam 52 18 30 1.44 0.16 2.90 
ACu-C/ACh-C Acrisol 
0-300 Clay Loam 37 24 39 1.27 0.22 1.95 
300-600 Clay 33 21 46 1.34 0.2 1.61 
600-1000 Clay 29 22 50 1.34 0.2 1.60 
1000-2000 Clay 28 20 53 1.36 0.15 1.57 
ACh/CMd Acrisol 
0-300 Sandy Clay Loam 55 24 21 1.46 0.23 6.50 
300-600 Sandy Clay Loam 50 23 28 1.46 0.22 3.49 
600-1000 Sandy Clay Loam 48 20 32 1.48 0.19 2.56 
1000-2000 Sandy Clay Loam 52 18 30 1.44 0.16 2.90 
LVh Luvisol 
0-300 Loam 47 33 20 1.54 0.22 8.07 
300-600 Loam 42 31 27 1.59 0.21 4.23 
600-1000 Loam 45 31 25 1.66 0.19 5.16 
1000-2000 Loam 47 34 20 1.63 0.13 8.19 
 
 






















Sand Silt Clay 
ACf-C Acrisol 
0-300 Sandy Clay Loam 53 18 30 1.46 0.21 2.87 
300-600 Clay 43 17 41 1.45 0.2 1.64 
600-1000 Clay 40 17 43 1.45 0.2 1.56 
1000-2000 Clay 40 18 42 1.43 0.14 1.62 
CMe/ACh Cambisol 
0-300 Loam 39 34 27 1.49 0.22 4.42 
300-600 Loam 42 32 26 1.53 0.2 4.65 
600-1000 Loam 45 29 26 1.55 0.19 4.48 
1000-2000 Loam 41 33 26 1.49 0.13 4.76 
ACh-L Acrisol 0-300 Sandy Clay Loam 55 24 21 1.46 0.23 6.50 
ACh/LPd Acrisol 
0-300 Sandy Clay Loam 55 24 21 1.46 0.23 6.50 
300-600 Sandy Clay Loam 50 23 28 1.46 0.22 3.49 
600-1000 Sandy Clay Loam 48 20 32 1.48 0.19 2.56 
1000-2000 Sandy Clay Loam 52 18 30 1.44 0.16 2.90 
GLe Gleysol 
0-300 Clay Loam 23 39 39 1.49 0.22 2.66 
300-600 Clay 25 35 41 1.53 0.21 2.34 
600-1000 Clay Loam 27 35 38 1.57 0.2 2.53 
1000-2000 Clay Loam 27 37 36 1.55 0.08 2.89 
FRur Ferralsol 
0-300 Clay 28 20 52 1.2 0.23 1.59 
300-600 Clay 29 19 52 1.19 0.22 1.55 
600-1000 Clay 32 18 50 1.19 0.23 1.50 
1000-2000 Clay 33 20 47 1.22 0.22 1.54 
ACg/PLd Acrisol 
0-300 Clay Loam 42 31 27 1.25 0.23 4.19 
300-600 Clay Loam 35 32 33 1.47 0.21 3.00 
600-1000 Clay Loam 37 29 34 1.55 0.19 2.64 
1000-2000 Clay Loam 43 26 31 1.59 0.11 2.95 
ACf/ACp Acrisol 
0-300 Sandy Clay Loam 53 18 30 1.46 0.21 2.87 
300-600 Clay 43 17 41 1.45 0.2 1.64 
600-1000 Clay 40 17 43 1.45 0.2 1.56 
1000-2000 Clay 40 18 42 1.43 0.14 1.62 
FRr/FRh Ferralsol 
0-300 Clay 37 17 47 1.28 0.2 1.47 
300-600 Clay 33 15 53 1.26 0.21 1.40 
600-1000 Clay 33 15 52 1.24 0.21 1.42 
1000-2000 Clay 33 17 50 1.24 0.16 1.44 
LPe Leptosol 0-300 Sandy Clay Loam 59 16 25 1.2 0.28 4.20 
CMo/ACf Cambisol 
0-300 Clay Loam 36 25 39 1.2 0.23 2.02 
300-600 Clay 35 22 43 1.28 0.21 1.74 
600-1000 Clay 36 23 41 1.32 0.19 1.82 
1000-2000 Clay Loam 39 23 39 1.42 0.14 1.95 
VRe Vertisol 
0-300 Clay 16 27 58 1.65 0.17 2.07 
300-600 Clay 15 24 61 1.68 0.16 2.16 
600-1000 Clay 16 24 60 1.69 0.16 2.10 





Figure S2-2. Land use/ land cover (LULC) for the study area (Source: MRC, 2010) 
 
SWAT Model description 
SWAT is a river basin or watershed scale, semi-distributed, process-based, and continuous 




evaluates the effect of LULC management on water, sedimentation, and agricultural chemical 
yields in large complex watersheds which are heterogeneous in LULC, soil and management 
conditions over a long period of time. SWAT subdivides a watershed into different sub basins 
connected by a stream network, and further into hydrological response units (HRUs). HRUs are 
the lumped land areas within the subbasin that comprise unique land cover, soil, slope and 
management combinations. The 3S SWAT model was discretized into 140 subbasins (Figure S2-
3) and 2282 HRUs. Table S2-2 provides the details on number of HRU by subbasin. SWAT 
simulates the hydrology of the watershed in two phases. The land phase of the hydrologic cycle 
controls the amount of water, sediment, nutrient and pesticide loadings to the main channel in each 
subbasin. The water or routing phase of the hydrologic cycle controls the movement of water, 





























of HRU  
1 10 36 17 71 25 106 10 
2 10 37 28 72 10 107 10 
3 10 38 13 73 22 108 14 
4 14 39 15 74 13 109 17 
5 10 40 15 75 26 110 17 
6 10 41 16 76 13 111 14 
7 11 42 8 77 19 112 11 
8 12 43 29 78 18 113 16 
9 19 44 15 79 16 114 34 
10 10 45 9 80 12 115 8 
11 13 46 13 81 25 116 17 
12 14 47 12 82 13 117 24 
13 12 48 29 83 21 118 12 
14 13 49 20 84 10 119 12 
15 19 50 40 85 22 120 25 
16 16 51 23 86 15 121 11 
17 13 52 22 87 13 122 12 
18 8 53 11 88 15 123 16 
19 8 54 22 89 14 124 16 
20 9 55 14 90 14 125 23 
21 11 56 28 91 13 126 25 
22 14 57 8 92 22 127 20 
23 12 58 14 93 10 128 16 
24 11 59 15 94 24 129 10 
25 11 60 8 95 11 130 30 
26 23 61 9 96 22 131 34 
27 13 62 13 97 11 132 30 
28 12 63 15 98 20 133 19 
29 9 64 11 99 20 134 12 
30 12 65 16 100 12 135 39 
31 13 66 15 101 27 136 34 
32 10 67 19 102 22 137 20 
33 11 68 18 103 3 138 26 
34 16 69 17 104 21 139 21 






Surface runoff computation and flood routing 
SWAT estimates the surface runoff volume from HRUs using the Soil Conservation Service (SCS) 
curve number method (USDA-SCS, 1972) or the Green and Ampt infiltration method (Green and 
Ampt, 1911). In this study, the SCS curve number method has been used, which is a function of 
the soil’s permeability, LULC and antecedent soil water conditions as defined in SWAT. SCS 
defines three antecedent moisture conditions: dryness (wilting point), average moisture, and 
wetness (field capacity). SWAT calculates the peak runoff rate with a modified rational method.  
The model offers three options for estimating potential evapotranspiration: the Hargreaves 
(Hargreaves et al., 1985), Pristley-Taylor (Priestley and Taylor, 1972), and Penman-Monteith 
(Monteith, 1965) methods. The Penman-Monteith method is used in this study. SWAT uses 
Manning’s equation to define flow rate and velocity. Water is routed through the channel network 
using the variable storage routing method developed by Williams (1969) or the Muskingum 
routing methods, which are variations of the kinematic wave model. For this study, the variable 
storage routing method is used. 
Sediment yield computation and transport 
The model calculates the surface erosion within each HRU with the Modified Universal Soil Loss 
Equation (MUSLE) (Williams, 1975 ). The MUSLE equation used to calculate sediment yield is: 
sed = 11.8 x (Qsurf x qpeak x areahru)
0.56
x KUSLE x CUSLE x PUSLE x LSUSLE x CFRG      (1.1) 
where sed is the sediment yield (metric tons/day), Qsurf is the surface runoff volume (mm/ha/day), 
qpeak is the peak runoff rate (m
3/s), areahru is the area of the HRU (ha), KUSLE is the USLE soil 
erodibility factor, CUSLE is the USLE cover and management factor, PUSLE is the USLE support 
practice factor, LSUSLE is the USLE topographic factor and CFRG is the coarse fragment factor. 
The sediment-routing model (Arnold et al., 1995) that simulates sediment transport in the channel 
network consists of two components operating simultaneously: deposition and degradation. 
SWAT uses a simplified version of the Bagnold (1977) stream power equation to estimate 
deposition/degradation in the channels. In this simplified method the maximum amount of 
sediment that can be transported from a reach segment is a function of the peak channel velocity. 
The peak channel velocity, vch,pk is calculated as: 
 vch,pk =  
qch,pk
Ach




where qch,pk is the peak flow rate (m
3/s) and Ach is the cross-sectional area of flow in the channel 
(m2). The peak flow rate is defined as:  
qch,pk = prf. qch                 (1.3) 
where prf is the peak rate adjustment factor, and qch is the average rate of flow (m
3/s).  
The maximum amount of sediment that can be transported from a reach segment is calculated as: 
concsed,ch,mx =  csp. vch,pk
spexp
             (1.4) 
where concsed,ch,mx is the maximum concentration of sediment that can be transported by the water 
(ton/m3 or kg/L), csp is a coefficient defined by the user, vch,pk is the peak channel velocity (m/s), 
and spexp is an exponent defined by the user which normally varies between 1.0 and 2.0.  
The amount of deposition and degradation is based on the maximum concentration of sediment in 
the reach and the concentration of sediment in the reach at the beginning of the time step. The 
maximum concentration of sediment calculated with equation 1.4 is compared to the concentration 
of sediment in the reach at the beginning of the time step, concsed,ch,i . If concsed,ch,i > concsed,ch,mx, 
deposition is the dominant process in the reach segment, otherwise, degradation is the dominant 
process in the reach segment.  
The final amount of sediment in the reach is determined as: 
sedch =  sedch,i −  seddep +  seddeg               (1.5) 
where sedch is the amount of suspended sediment in the reach (metric tons/day), sedch,i is the 
amount of suspended sediment in the reach at the beginning of the time period (metric tons/day), 
seddep is the amount of sediment deposited in the reach segment (metric tons/day), and seddeg is the 
amount of sediment reentrained in the reach segment (metric tons/day).  
The amount of sediment transported out of the reach is calculated as: 
sedout =  sedch  
Vout
Vch
                             (1.6) 
where sedout is the amount of sediment transported out of the reach (metric tons/day), sedch is the 
amount of suspended sediment in the reach (metric tons/day), Vout is the volume of outflow during 
the time step (m3/day), and Vch is the volume of water in the reach segment (m
3/day). Detailed 




GCMs and emission scenarios 
Details of three RCPs used in the study are provided in Table S2-3.  
Table S2-3. Description of Representative Concentration Pathways (RCPs) to consider in this 
study (adapted from Moss et al. (2010)) 
Name Radiative forcing Concentration (ppm) 
RCP2.6 Peak at 3 Wm-2 before 2100 and then 
declines  
Peak at 490 CO2 –equivalent before 
2100 and then declines 
RCP6.0 6 Wm-2 at stabilization after 2100 850 CO2 –equivalent (at stabilization 
after 2100) 
RCP8.5 >8.5 Wm-2 in 2100 >1370 CO2 –equivalent in 2100 
 
B. Supplementary Results and Discussion 
Calibration and Validation of the SWAT model 










Climate change projections 
The changes in temperature and precipitation for the three subbasins (Sekong, Sesan and Srepok) 












Figure S2-5. Scatterplots of changes in mean temperature (∆T) and precipitation (∆P) for GCMs 
and RCPs for 2030s (2021 – 2040) and 2060s (2051 – 2070) time horizons as compared to the 




Appendix 3-1 Supplementary Material for Chapter 3 
A.  Supplementary Methods 
 
Figure S3-1. LULC map for 2003 of the 3S basin with original LULC class (Source: MRC, 2010). 




Table S3-1. Original LULC class for 2003 of the 3S basin, their description and corresponding 
simplified LULC class  




Value Code Description 
SWAT default  
Curve Number 
A B C D 
11 EHCD Evergreen, high cover density  25 55 70 77 
Forest (1) 
12 EMLD Evergreen,medium-low cover density 28 61 77 85 
13 EVMS Evergreen mosaic 30 66 84 92 
17 MEDH Mixed(evg&decid), high cov density 36 60 73 79 
18 MEDM Mixed(evg&dec)med-low cover density 40 66 80 87 
19 MXMS Mixed mosaic 43 72 88 95 
20 DECD Deciduous 45 66 77 83 
22 DCMS Deciduous mosaic 50 73 85 91 
40 REGR Regrowth 49 69 79 84 
61 WSEV Wood- and shrubland, evergreen 39 61 74 80 
63 BAMB Bamboo 67 77 83 87 
81 CMCS Crop mosaic, cropping area <30 42 49 54 56 
101 UDFR LMB Undisturbed forest 25 55 70 77 
416 MULB LMB Mulberry tree 65 76 84 87 
213 FRSL LMB Forest land 36 60 73 79 
214 DTFR LMB Disturbed forest land 36 60 73 79 
54 PLAN Plaintains 67 77 83 87 
Agriculture (2) 
82 CMCL Crop mosaic, cropping area >30 50 58 62 65 
91 AGRI Agricultural land - intensive 31 59 72 79 
103 PDDY LMB Paddy field 62 73 81 84 
104 FCRP LMB Field crop 67 78 85 89 
107 PRNL LMB Perennial land 67 77 83 87 
239 SWID LMB Swidden cultivation 67 77 83 87 
62 GRAS Grassland 49 69 79 84 
Grass (3) 64 WSDR Wood- and shrubland, dry 39 61 74 80 
224 PAST Pasture 49 69 79 84 
95 WATR Water 92 92 92 92 
Others (4) 
97 WETD Wetland 49 69 79 84 
225 AQUA LMB Aquacultural land 49 69 79 84 
102 MISC LMB Miscellaneous land 45 66 77 83 
92 BRNL Barren land 45 66 77 83 
93 ROCK Rocks 45 66 77 83 




Theoretical description of Land Change Modeler 
The Land Change Modeler (LCM) is a tool for the assessment and prediction of LULC change 
and modeling (Figure S3-2).  LCM predicts LULC change through the following steps: (1) change 
analysis, (2) transition potential modeling, (3) estimation of the demand for land and (4) prediction 
of future LULC.  
 
Figure S3-2. LULC prediction framework of Land Change Modeler (adapted from Sangermano et 
al. (2012)) 
Change Analysis 
Change Analysis (Figure S3-2) is the first step in the modelling process. A change analysis is 
performed between two LULC maps (T1 and T2) to quantify and locate past LULC change. As 
part of change analysis, the spatial trend of change between two LULC maps can be generalized, 




(Eastman, 2009). Generalization of spatial trend allows the identification of focal areas of change 
which would be difficult to recognize through visual inspection of the LULC change map 
(Sangermano et al., 2012).  
Transition Potential Modeling 
Transition Potential Modeling (Figure S3-2) is the second step in the change prediction process 
which creates suitability maps of the likelihood for areas to transition from one LULC type to 
another. Transition potentials are the potential of the land to experience a particular transition in a 
specific time frame (Eastman et al., 2005; Paegelow and Olmedo, 2008). Transition potentials are 
derived from the relationship between LULC transitions and explanatory variables (drivers). In 
LCM, transitions are modeled using either a multi-layer perceptron (MLP) neural network, logistic 
regression (LR), or a similarity-weighted instance-based machine learning tool (SimWeight). Once 
calibrated, the model is used to predict future scenarios. For this study logistic regression and 
SimWeight were used. Both MLP and SimWeight can be perceived as black box approaches as 
they model transitions without the necessity of understanding the relationship between drives and 
change (Mas et al., 2014), however only SimWeight was used as it is capable of producing results 
that can rival or even exceed those of the MLP, it can give feedback on the relative importance of 
the independent variables, and the algorithm is simple to interpret (Sangermano et al., 2010).  
Logistic regression is a type of generalized linear model that uses a logit function to relate 
presence/absence LULC data with data of any form of explanatory variable and yields a probability 
for the occurrence of the considered LULC type that can be interpreted as a transition potential 
(Eastman et al., 2005). The logistic regression supplies coefficients, also called maximum 
likelihood estimates, that explain the influence of selected drivers over the initial spatial 
arrangement of each LULC (Santini and Valentini, 2011).  
 Demand for land and future change projection  
In LCM, the future demand for land (the quantity of change) can be modeled through a Markov 
Chain analysis  (Burnham, 1973) or a user provided transition probability matrix from an external 
model. The Markov chain provides the model with the estimated areas of each LULC category for 
future dates and the amount of change for each transition (Mas et al., 2014). For this study, the 




extrapolations of past trends of the historic period. The amount of change for each transition (i.e. 
transition probability matrix) generated through a Markov Chain analysis was modified to model 
the desired future demand for land. After the evaluation of transition potential and estimation of 
quantity of changes, LCM then spatially allocates the changes using a multi-objective land 
allocation (MOLA) algorithm (Eastman et al., 1995) that assigns changes to the locations with 
high transition potential until the demand for land is satisfied.  
Driving factors and model calibration 
The driving factors used  for this study (Table S3-2) were selected based on a review of the 
literature, past LULC studies in the 3S basin (Takamatsu et al., 2014; Ty et al., 2012) and data 
availability. All data sets were obtained from the MRC at a spatial resolution of 250 m x 250 m.    
Table S3-2.  Summary of the characteristics of the datasets for the driving factors considered in 
the study 
Type Name Units 
Climate Mean annual precipitation mm 
Soil Clay content % 
 Sand content % 
 Silt content % 
 Soil depth mm 
Topography Slope % 
 Elevation m amsl 
Accessibility Distance to road* m 
 Distance to stream m 
 Distance to hydropower dams* m 
Socio-economy Population density* Number of 
inhabitants /unit area 
Source: Mekong River Commission 
Note: * Drivers of dynamic nature 
 
The model was calibrated using 1993 and 1997 LULC data for both transition potential approaches 
(i.e. Logistic Regression and SimWeight). Validation using the 2010 dataset was not done because 
despite the aggregation of classes, the 2010 dataset was remarkably different from the other two 
(1993 and 1997). Temporally resolved LULC datasets frequently include different classifications 
and scales which reduce the validation consistency despite harmonization efforts (Santini and 
Valentini, 2011). The historical changes between 1993 and 1997 LULC maps were analyzed by 




to agriculture, forest to grass, forest to others, agriculture to forest, agriculture to grass, agriculture 
to others, grass to forest, grass to agriculture and grass to others (Table S3-3). The major transitions 
were modeled in separate sub-models by means of LR using a 10% stratified random sampling. 
Before generating the transition potentials using LR, the importance of each driver to discriminate 
change was evaluated.  A sensitivity analysis on the variables was performed using a Jackknife 
approach (Capen et al., 1986) where the model was first run with all drivers, and then run twice 
for each driver (once with the driver alone and once without the driver). For each transition 
potential the relative operating characteristic (ROC) was calculated. The ROC is a measure for the 
goodness of fit of a LR model (Pontius Jr and Schneider, 2001). A completely random model gives 
a ROC value of 0.5 and perfect fit results in a ROC value of 1. The ROC values obtained in the 
Jackknife analysis were used to identify the importance of each driver to the model. This 
information was used to select the final set of drivers (Table S3-3) used for the generation of final 
transition potentials. The goodness of fit of the calibration for the transition models by LR is 
indicated by ROC values (Table S3-3). High ROC values were found for Grass to others (0.95) 
and Forest to others (0.94) transitions, while relatively high-to-moderate values (0.82 – 0.74) were 
found for other transitions.  
For the SW transition potential modelling approach, the set of drivers that was found sensitive to 
each transition by LR was used to ensure consistency in driving factors used for both transition 
potential modelling approaches. In addition, LR is the more useful approach to understand the 
effect of the explanatory variables on change and their interactions because during the regression 
model elaboration, a large number of methods and indices can be used to select the variables with 
more predictive power based on their relative contribution to the model (Mas et al., 2014). The 
SW model calculates the relevance weights of each driver, which were used to select the final set 
of drivers for the generation of final transition potentials. The relevance weight is an indication of 
that variable’s importance in the model, which is determined by comparing the standard deviation 
of the variable inside areas that have changes, to the standard deviation of the variable for the study 
region (Sangermano et al., 2010). The only parameters that need to be specified to calculate the 
relevance weight is the K value and threshold for relevance weight. The K value is the number of 
nearest instances in variable space to consider. The K value governs the degree of generality of the 
solution and can be determined automatically by the model depending upon the sample size used 




default value of 0.01 was used as a threshold for relevance weight. The final set of drivers, their 
relevance weights and the K value are provided in Table S3-4.  
Table S3-3. Final set of drivers used to generate transition potentials using the logistic regression 
model and summary of the results for the goodness of fit of the calibration for the transition models 
as indicated by relative operating characteristic (ROC) values  
Transition Model  Driving factors ROC 
Forest to agriculture Precipitation, Slope, Elevation, Soil depth, Distance to 
stream, Distance to hydropower dam, Distance to road, 
Population density 
0.76 
Forest to grass Precipitation, Slope, Elevation, Sand content, Distance to 
hydropower dam, Distance to road, Population density 
0.81 
Forest to others Precipitation, Slope, Elevation, Clay content, Soil depth, 
Distance to stream, Distance to hydropower dam, Distance 
to road, Population density 
0.94 
Agriculture to forest Precipitation, Elevation, Clay content, Sand content, Silt 
content 
0.80 
Agriculture to grass Precipitation, Elevation, Clay content, Sand content, Silt 
content 
0.82 
Agriculture to others Precipitation, Clay content, Sand content, Silt content 0.74 
Grass to forest Precipitation, Slope, Elevation, Clay content, Soil depth, 
Distance to road, Population density 
0.76 
Grass to agriculture Clay content, Sand content, Silt content, Distance to 
stream, Distance to hydropower dam, Distance to road, 
Population density 
0.75 
Grass to others Precipitation, Slope, Elevation, Soil depth, Distance to 








Table S3-4. Final set of drivers used to generate transition potentials using the SimWeight model   
Transition Model Driving factors Relevance 
Weight 
Number of nearest 
instances in variable 
space to consider 
(K) 
Forest to agriculture 
 
Population density 
Distance to road 
Distance to hydropower dam 
























Forest to others Population density 
Distance to road 
Distance to hydropower dam 
















































Grass to agriculture Population density 
Distance to road 





Grass to others Population density 
Distance to road 
Distance to hydropower dam 

















SWAT Model calibration, validation and performance evaluation 
Table S3-5. Original agricultural LULC class for 2003 of the 3S basin, their management data and 
corresponding simplified LULC class  




Year  Operation Heating Units 
Crop mosaic, cropping area>30 Agriculture  
1 1 Plant/begin. growing season 0.15 
1 11 Auto fertilization initialization 0.01 
1 5 Harvest and kill operation 1.20 
Agricultural land - intensive Agriculture  
1 1 Plant/begin. growing season 0.15 
1 11 Auto fertilization initialization 0.01 
1 5 Harvest and kill operation 1.20 
LMB Field crop Agriculture  
1 5 Harvest and kill operation 0.85 
1 6 Tillage operation 0.17 
1 1 Plant/begin. growing season 0.22 
1 5 Harvest and kill operation 1.20 
1 6 Tillage operation 0.21 
1 1 Plant/begin. growing season 0.32 
1 10 Auto irrigation initialization 0.02 
1 11 Auto fertilization initialization 0.05 
1 11 Auto fertilization initialization 0.05 
LMB Paddy field Agriculture  
1 5 Harvest and kill operation 1.10 
1 6 Tillage operation 0.23 
1 1 Plant/begin. growing season 0.26 
1 10 Auto irrigation initialization 0.01 
1 11 Auto fertilization initialization 0.26 
1 5 Harvest and kill operation 1.20 
1 6 Tillage operation 0.20 
1 1 Plant/begin. growing season 0.25 
1 10 Auto irrigation initialization 0.01 
1 11 Auto fertilization initialization 0.02 
LMB Perennial land Agriculture  
1 1 Plant/begin. growing season 0.15 
1 11 Auto fertilization initialization 0.01 
1 5 Harvest and kill operation 1.20 
 






Table S3-6. Calibrated parameters and their fitted range for the 3S SWAT model. 
Parameter name Description and units 
Fitted range 
Min Max 
Flow variables    
v__GW_DELAY.gwa Groundwater delay time (days) 0.25 87.01 
v__ALPHA_BF.gw Baseflow alpha factor (1/days) 0.04 0.97 
v__GWQMN.gwb Threshold depth of water in the shallow aquifer 
required to return flow to occur (mm) 0.00 804.17 
v__GW_REVAP.gw Groundwater "revap" coefficient (-) 0.02 0.2 
v__REVAPMN.gw Threshold depth of water in the shallow aquifer 
for "revap" or percolation to the deep aquifer to 
occur (mm) 
1.00 1107.33 
v__RCHRG_DP.gw Deep aquifer percolation fraction (-) 0.05 0.46 
v__LAT_TTIME.hru Lateral flow travel time (days) 0.00 157.25 
v__SLSOIL.hrub Slope length for lateral subsurface flow (m) 0.00 91.7 
v__CANMX.hru Maximum canopy storage (mm) 0.00 17.2 
v__ESCO.hru Soil evaporation compensation factor (-) 0.07 0.95 
v__CH_N2.rte Mannings "n" value for the main channel 0.01 0.13 
v__CH_K2.rte Effective hydraulic conductivity in main channel 
alluvium (mm/hr) 
0.00 19.57 
v__ALPHA_BNK.rte Baseflow alpha factor for bank storage (days) 0.00 0.86 
v__CH_N1.sub Manning's "n" value for the tributary channels 0.01 0.14 
v__CH_K1.sub Effective hydraulic conductivity in tributary 
channel alluvium (mm/hr) 
0.00 23.47 
r__SOL_AWC(1).sol Available water capacity in the soil layer 
(mm/mm soil) 
-0.11 0.21 
r__CN2.mgtc Initial SCS runoff curve number for moisture 
condition II (-) 
-0.08 0.13 
Sediment variables    
v_SPCON.bsn Linear parameter for calculating the maximum 
amount of sediment that can be re-entrained 
during channel sediment routing (-) 
0.0089* 
v_SPEXP.bsn Exponent parameter for calculating sediment re-
entrained in channel sediment routing (-) 1.1554* 
v_PRF_BSN.bsn Peak rate adjustment factor for sediment routing 
in the main channel (-) 
0.6354* 
v_USLE_C (Forest).dat Minimum value for the cover and management 
factor for the land cover (-) 
0.0014 0.0162 
v_USLE_C (Agriculture).dat 0.0126 0.3934 
v_USLE_C (Grass land).dat 0.1114* 
v_USLE_C (Barren land).dat 0.5689* 
v_CH_COV1.rte Channel erodibility factor (-) 0.0678 0.7610 
v_CH_COV2.rte Channel cover factor (-) 0.0150 0.1847 
v_CH_ERODMO.rte Channel erodability factor (-) 0.0268 0.4790 
v_USLE_K .sol USLE equation soil erodibility (K) factor (0.013 
metric ton m2 hr / (m3-metric ton cm)) 
0.0110 0.6311 
Note: a The extension (e.g., .gw) refers to the SWAT input file where the parameter occurs; b The qualifier (v) refers to the 
substitution of a parameter by a value from the given range; c The qualifier (r) refers to relative change in the parameter where the 




B. Supplementary Results and Discussion 
Uncertainty in LULC projection 
Details on the spatial variability of changes in LULC for the study basin are presented below: 




Sekong Sesan Srepok 3S 
LR SW LR SW LR SW LR SW 
A1 
Forest 69.2 75.6 73.3 68.0 74.7 68.9 72.3 71.1 
Agriculture 29.8 23.2 24.3 29.7 20.5 27.6 24.8 26.5 
Grass 0.4 0.8 1.1 0.6 3.5 1.9 1.8 1.2 
Urban 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.1 
Others 0.6 0.4 1.2 1.6 1.3 1.6 1.0 1.1 
A2 
Forest 76.5 79.4 67.4 65.5 73.6 69.0 73.1 72.0 
Agriculture 22.6 19.3 30.1 32.1 21.9 27.5 24.1 25.5 
Grass 0.4 0.9 1.1 0.6 3.3 1.9 1.7 1.2 
Urban 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.1 
Others 0.5 0.4 1.3 1.7 1.2 1.6 1.0 1.2 
B1 
Forest 42.0 39.1 38.0 40.9 29.4 34.2 36.1 37.5 
Agriculture 53.0 53.7 50.6 40.5 48.1 53.6 50.5 50.5 
Grass 3.7 6.5 3.2 9.8 17.1 6.0 8.8 7.1 
Urban 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.1 
Others 1.3 0.7 8.1 8.7 5.4 6.2 4.5 4.8 
B2 
Forest 62.0 60.9 42.5 46.4 49.0 50.2 52.2 53.1 
Agriculture 32.4 32.8 44.6 32.5 33.2 37.0 35.6 34.4 
Grass 4.2 5.5 4.6 12.1 13.7 7.3 8.0 7.8 
Urban 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.1 
Others 1.4 0.8 8.2 8.9 4.1 5.5 4.1 4.6 
C1 
Forest 35.6 32.8 28.7 33.2 21.8 22.4 28.5 28.8 
Agriculture 57.8 57.6 55.1 44.1 53.1 61.9 55.2 56.0 
Grass 5.2 8.9 4.8 12.9 20.6 9.0 11.2 9.9 
Urban 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.1 
Others 1.4 0.7 11.3 9.7 4.5 6.7 5.0 5.2 
C2 
Forest 60.8 60.4 42.7 45.7 48.9 48.9 51.8 52.3 
Agriculture 34.1 33.3 46.1 35.1 33.9 39.1 36.8 36.0 
Grass 4.1 5.8 5.0 12.6 14.0 7.8 8.2 8.2 
Urban 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.1 
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